
GEOSTATISTICAL AND NUMERICAL ANALYSIS OF 

FLOW IN A CRYSTALLINE ROCK MASS 

by 

Albert Kostner 

A Thesis Submitted to the Faculty of the 

DEPARTMENT OF HYDROLOGY AND WATER RESOURCES 

In Partial Fulfillment for the Requirements 

For the Degree of 

MASTER OF SCIENCE 

WITH A MAJOR IN HYDROLOGY 

In the Graduate College 

THE UNIVERSITY OF ARIZONA 

1 9 9 3 



STATEMENT BY AUTHOR 

This thesis has been submitted in partial fulfillment of re

quirements for an advanced degree at the University of Arizona 

and is deposited in the University Library to be made 

available to borrowers under rules of the Library. 

Brief quotations from this thesis are allowable 

without special permission, provided that accurate 

acknowledgment of source is made. Requests for permission for 

extended quotation from or reproduction of this manuscript in 

whole or in part may be granted by the head of the major 

department or the Dean of the Graduate College when in his or 

her judgment the proposed use of the material is in the 

interests of scholarship. In all other instances, however, 

permission must be obtained from the author. 

SIGNED: 

APPROVAL BY THESIS DIRECTOR 

This thesis has been approved on the date shown below: 

-~~ Shlomo P.~ Neuman 

Professor of Hydrology and 
Water Resources 

tJd. // /92_~ 
~te 



ACKNOWLEDMENT 

This thesis was finished while I was studying in the 

Department of Hydrology and Water Resources with scholarships 

from the Austrian government and the Fulbright Commission. 
I want to express my special thanks to Dr. Shlomo P. 

Neuman, my advisor for this thesis. I would also like to thank 
Dr. T. Maddock III (Department of Hydrology and Water 

Resources), Dr. D.E. Myers (Department of Mathematics), and 

Dr. Y.C. Kim (Department of Mining and Geological Engineering) 

for their support. 
I am very grateful to the graduate students in the 

Department of Hydrology and Water Resources for creating an 

atmosphere of comradeship and support. My thanks goes 

especially to Celina Harshman, Thomas Harter, Mike Jones, 

Laurel Larcher, Pep Mas-Pla, Letticia Vionnet, and Nabil 
Shafike. 

I would also like to thank the French Nuclear Agency for 

providing the Fanay-Augeres data, and Prof. G. de Marsily for 

kindly facilitating the data transfer. 



This thesis is dedicated to my parents 
who made it possible for me to study 

whatever I was interested in 



ABSTRACT 

The stochastic continuum approach, as an alternative to the 

discrete fracture-network approach, is applied to hydraulic 

conductivity data from fractured crystalline rock at Fanay

Augeres, France. Small-scale measurements are transformed into 

binary indicator values. Viewing the transf armed data as 

defined over a continuum, the statistical correlation 

structure of the stochastic process is determined. Estimates 

of hydraulic conductivity and its probability field are 

obtained using ordinary and median indicator kriging. 

Indicator kriging results are input into sequential 

conditional indicator simulation, generating equally likely 

sets of hydraulic conductivities. An adjoint-state, finite 

element inverse model is used to derive the effective 

hydraulic conductivity of an equivalent homogeneous porous 

medium. Stochastic realizations of hydraulic conductivities 

are input into a flow model to study their effect on the 

variability of resulting hydraulic heads and flow rates. 

Results show that flow in the fractured medium can be analyzed 

without any reference to geometric fracture data. 
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1. INTRODUCTION 

In recent years, the characterization of flow and 

transport in fractured rocks has become a topic of increased 

research efforts. This is to a large extent due to 

considerations of disposing nuclear waste, possessing various 

levels of radioactivity, in such geologic media. 

In crystalline rocks, the matrix is often regarded as 

being relatively impervious in comparison to the fractures. 

The general understanding is that under saturated conditions 

in a given volume of rock, fractures are the preferrential 

pathways for the movement of water and contaminants, as the 

saturated hydraulic conductivity of fractures can be orders of 

magnitude higher than that of the matrix. Thus a volume of 

rock that contains no fractures, or only fractures having 

negligible permeability, can be regarded as favorable for the 

disposal of waste. The presence of fractures possessing a high 

permeability indicates less favorable conditions. 

Assuming that waste will eventually leak out of the 

containers into the surrounding rock, the main pathways for 

transport of the contaminant have to be known and described. 

This is necessary in order to define the performance of 

waste-disposal sites, and to check if performance requirements 

are met. 

One of the 

fractured rocks 

main problems 

concerns the 

in characterizing flow in 

determination of hydraulic 

properties that govern the movement of water and contaminants, 
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and their spatial distribution. Hydraulic conductivity is 

defined by hydrologists as 

where 

K = .!51_ 
µ 

k is intrinsic permeability 

~ is specific weight of fluid 

µ is viscosity of fluid 

It is a measure of the ability of the medium to conduct fluid 

and to transport mass. Hydraulic conductivity is the one 

parameter describing a medium property that is required as 

input into any flow model for calculating the spatial and 

temporal distribution of hydraulic heads within the same 

medium. From . the resulting head field, the corresponding 

fluid-velocity field, necessary for mass-transport 

calculations, can be derived. 

Two general approaches have been used in the past to 

model flow and transport in fractured rocks, namely the 

deterministic and the stochastic approach. 

In the deterministic approach the parameters of the 

geologic medium which govern flow and transport, are assumed 

to be known and are specified everywhere in the domain of the 

mathematical model. The geologic medium can be seen as eith~r 

homogeneous or heterogeneous with respect to these parameters. 
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Thus a volume of fractured rock can either be replaced by an 

equivalent, homogeneous or heterogeneous, porous medium, or 

the fractures can be accounted for explicitly. Numerical 

results show that a fractured geologic medium behaves more 

like an equivalent homogeneous porous medium as the fracture 

density increases (Long et al., 1982). 

Many authors hold to the idea that in order for a 

fractured rock to be rightly represented by an equivalent 

porous medium, an REV (representative elementary volume) has 

to exist and be known. An REV is defined as the volume that 

provides adequate effective (or average) properties of the 

rock (e.g. hydraulic conductivity). Thus a small increase or 

decrease in the volume of the REV will result in negligible 

changes in the values of the rock properties. The rock 

properties which are derived through this averaging process, 

are called macroscopic, and vary smoothly enough over the 

domain of interest so that differential calculus can be used 

in the analysis. Unfortunately this averaging process results 

in a loss of information about the small-scale, i.e fracture 

scale, behaviour of the geologic medium. In fractured rocks 

the sensitivity of measurements of hydraulic conductivity to 

the volume of sampled rock is very large, and an REV may 

either not exist or be so large that an effective value for 

hydraulic conductivity cannot be measured (Neuman, 1987). The 

traditional egui valent porous medium approach requires that an 
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REV and corresponding equivalent permeability tensor exist for 

the fractured medium. 

If the abovementioned criterium is not satisfied for a 

particular fractured rock, the fractures can either be 

accounted for explicitly in a discrete fracture network model, 

or the stochastic continuum approach of Neuman (1987) can be 

considered. This approach will briefly be outlined in Chapter 

4. 4. 

In the stochastic approach the spatial distribution of 

specific parameters in a medium is inferred from the available 

samples, i.e. the heterogeneity of the geologic medium, with 

respect to its hydraulic properties, is represented 

statistically. 

Independent of whether a deterministic or the stochastic 

approach is used, in order to characterize flow in a fractured 

medium using the discrete fracture approach, the available 

information about geometry of fractures and the fracture 

network has to be translated into information about hydraulic 

properties of the medium. Unfortunately geometric information 

is available only at a limited number of locations, e.g. 

tunnels, excavations, and surface outcrops, and may not be 

representative of the three-di~ensional variability. This is 

especially true for the three-dimensional variation in 

fracture aperture, the magnitude, spatial distribution, and 

spatial connectivity of which essentially governs flow and 
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transport processes in the medium. 

Until recently it was generally assumed that the 

hydraulic conductivity of the fracture is a function of its 

aperture given by the so-called cubic law. The cubic law 

where 

g flux vector 

C constant (includes fluid properties and 

roughness coefficient) 

a ... fracture hydraulic aperture 

Vh .. hydraulic head gradient 

states that the flux within a fracture is proportional to the 

aperture cubed. This law is based on the assumptions that the 

fracture can be represented by two parallel plates, a distance 

"a" apart, and that the gradient is uniform within the 

fracture. Applicability of the cubic law to real fractures has 

been widely questioned (e.g. Tsang and Tsang, 1987; Neuman, 

1987). 

Measured inflow rate from field experiments has been 

found not to correlate with the density of fractures, but 

sometimes with the density of fracture intersections, thus 

indicating that fracture intersections may form pref erred 

pathways, i.e. channels, for fluid flow (Neuman, 1988). 
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Presently the general understanding is that flow within a 

fracture may take place in channels, i. e. randomly 

interconnected patches of elevated fracture aperture. Some 

researchers treat fracture apertures as a stochastic process, 

i.e. a random variable with a spatial covariance structure. 

Single-fracture or fracture-network realizations can be 

generated given sufficient statistical information (e.g. 

Andersson and Dverstorp, 1987; Tsang and Tsang, 1989) about 

this process. 

Some recently developed fracture-network models claim to 

account for channeling within real fractures by means of fixed 

flow tubes which connect fracture centers with fracture 

intersections and adjacent fracture centers (e.g. Dverstorp 

and Andersson, 1989; Cacas et al., 1990a,b). The variable

aperture fracture-network model developed by Nordqvist et al. 

{1992) accounts for the possibility that flow channels within 

a single fracture change with the direction of the hydraulic 

gradients. This is done by discretizing each fracture plane 

into grid blocks and assigning different apertures to these 

blocks. Flow between adjacent nodes in the numerical model is 

calculated using the cubic law to determine fracture 

transmissivities. Two different scales of dispersion result 

from the variable aperture network, namely dispersion on a 

large-scale due to different routes of particles through the 

fracture network, and dispersion on a small-scale due to 
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various possible flow paths within a single fracture. 

In light of serious questions about the applicability of 

the cubic law, there is debate in the literature about how to 

translate geologic, hydraulic-, and tracer-test data into 

hydraulic properties of a fractured rock mass. Cacas et al. 

(1990a), for example, avoid the cubic law by introducing bond 

hydraulic conductivities (the hydraulic conductivities of 

intersecting fractures are represented by constant-diameter 

flow tubes) as model parameters. They consider these 

parameters to be log-normally distributed and estimate their 

statistical moments by calibrating a flow model which 

simulates injection tests in a number of generated fracture 

networks against measured injection rates. 

Neuman (1987,1988) presents an extensive discussion of 

the validity of the cubic law, and concludes that no 

satisfactory conceptual framework has so far been proposed for 

the interpretation of hydraulic and tracer tests in terms of 

parameters describing the fracture openings. He further 

concludes that" ( •.. ) the best available data, coupled with 

the most recent conceptual models of channeling, are 

insufficient to construct reliable discrete analogoues 

(network models of fractures and/or channels) of fluid flow 

and radionuclide transport in fractured crystalline rocks". He 

proposes, as an alternative to such discrete fracture-network 

models, a stochastic continuum approach (see Chapter 4.4.). 
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This thesis applies geostatistical concepts, based on the 

stochastic continuum approach, to hydraulic data from a 

crystalline rock test site at Fanay-Augeres, France. The 

procedure makes direct use of hydraulic test data in the 

determination of parameters required as input into numerical 

models, without having to rely on geometric fracture data and 

its interpretation. The following three chapters provide a 

description of the data set and give a brief outline of a 

discrete stochastic fracture-network model which has been 

generated for the same location. The geostatistical concepts, 

including the stochastic continuum approach which are required 

for the analysis of the data set, are explained. These 

concepts are then applied to the data, and the results are 

analyzed. 

2. THE FANAY-AUGERES DATA 

The data were collected in an active uranium mine in 

highly fractured granite at Fanay-Augeres, near Limoges, 

central France (Cacas et al., 1990a). A horizontal drift, 100 

min length and 150 m below the surface, was chosen as the 

experimental site. Ten boreholes of about 50 min length were 

drilled in various radial directions from the central drift. 

The boreholes are located in three different vertical planes 

which are 25.9 m and 23.7 m apart from each other. Fig. 1 
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(Durand, 1988, pg. 25) shows the configuration of the drift 

and the vertical planes (marked profiles I 1,2,3) containing 

the boreholes. Planes 1 and 3 contain three boreholes each, 

and plane 2 contains 4 boreholes. The on-site study included 

fracture mapping in the drift and on borehole cores, 

measurements of drainage flow in the drift, injection tests 

and piezometric measurements in the boreholes, and tracer 

tests (Cacas et al., 1990a). The data are presented in Durand 

. (1988). 

The predominant strike of the fractures is N-S, and the 

predominant directions of dip are close to vertical, 

horizontal, and slightly W. An analysis of the geometric data 

is provided by Long and Billaux {1987). 

Water injection tests with single and double packers were 

performed in 180 chambers of length 2.5 meters and a diameter 

of 7. 6 cm. From measured flow rates at standard injection 

pressure of 10 MPa, the corresponding hydraulic conductivities 

were obtained according to 

where 

Q 
K= L VH 

K is the hydraulic conductivity (assumed isotropic) 

Q is the steady-state injection flow rate 

Lis the length of the injection chamber 
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His the injection pressure 

Additional injection tests were performed in fifty 10-m-long 

chambers, and in ten 50-m-long chambers. 

Piezometric heads were measured in 68 chambers with an 

average length of 5 m and similar diameter over a period of 

approximately 400 days, from February 2, 1985, to March 3, 

1986. Eight of the boreholes contain 7 chambers, and two 

boreholes contain 6 chambers. From the resulting measurements 

it is apparent that a zero-pressure isobar runs through the 

upper section of the sampled volume. Thus only the lower part 

of the investigated volume of rock is fully saturated with 

water. 

3. STOCHASTIC FRACTURE-NETWORK MODEL 

Cacas et al. (1990a,b) developed a stochastic discrete 

fracture-network model for the site. Their objective was to 

estimate the permeability of a hypothetical REV, for the 

entire rock mass spanned by the boreholes, from the available 

local (or small scale) measurements in these boreholes. In the 

following, an outline of the first part of their paper, 

describing the flow simulations, is given in order to depict 

the differences between their discrete fracture-network 

approach and the stochastic continuum approach that is 

followed in this thesis. 
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cacas and coworkers ( 1990a) dismissed the continuum 

approach as being unable to account properly for the available 

small-scale data which are affected by local discontinuities. 

Instead, the authors postulated that equivalent porous medium 

behaviour may be associated with intermediate-scale rock 

volumes having a characteristic length of 10 m. To obtain 

equivalent hydraulic parameters for the intermediate scale, 

the authors simulated flow through fracture networks of 

comparable size. By analyzing the statistical distribution of 

fracture orientations, trace lengths and densities, they were 

able to generate stochastically fracture networks which have 

similar statistical distributions. The generated fractures 

were circular disks. For the purpose of computing flow through 

the network, the fractures were replaced by one-dimensional 

channels connecting their centers with the mid-points of disk 

intersections (the authors argued that this helps account for 

channeling in fractures •.. ). Each channel was represented by 

a "hydraulic conductivity" which accounts for channel width 

and has dimensions of length cubed per time. The channel 

conductivities were taken to be log-normally distributed. To 

determine their mean and variance, the authors generated 200 

networks, simulated a small-scale injection test through each, 

and adjusted the two statistical parameters so as to match the 

distributions of the simulated injection rates with that of 

the measured rates. 
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Next, Cacas et al. (1990a) simulated flow between two 

parallel constant head boundaries across 17 generated fracture 

networks, in various directions. They found the networks to be 

essentially isotropic, yielding 17 different equivalent scalar 

hydraulic conductivities. The authors viewed these as a sample 

from a statistically homogeneous random ensemble of 

intermediate-scale rock volumes representing the site. Upon 

assuming that, on the larger (100 m) scale of the site, the 

rock can be considered an REV with a single scalar effective 

hydraulic conductivity, they computed the latter from the 17 

sample data by means of an approximate formula derived from a 

linearized stochastic continuum theory. Upon using this 

effective scalar hydraulic conductivity of 1.6E-08 m/s to 

compute flow into the drift, subject to boundary heads derived 

from the data, the authors condluded that it matched the 

measured inflow to their satisfaction. With this they 

considered their stochastic discrete fracture model validated 

against the available hydraulic data. Further validation was 

reported by Cacas et al. (1990b) against tracer test data. 

A key question to be addressed in this thesis is whether 

or not it might be possible to reconcile the available flow 

data from the Fanay-Augeres site with a continuum model that 

does not include discrete fractures. If the answer to this 

question is found to be affirmative, it will negate the 

assertion that a discrete fracture network has been validated 



13 

against the available hydraulic data. Whether or not the same 

model has in fact been validated against the available tracer 

test data will remain an open question. 

4. GEOSTA TISTICAL CONCEPTS AND STOCHASTIC CONTINUUM 

APPROACH 

In order to apply geostatistical concepts to the data, an 

exploratory statistical and structural analysis is required. 

The analysis is performed on hydraulic-conductivity values 

from the 180 injection tests and piezometric head 

measurements, with the aim of establishing sample statistics 

such as mean and variance, and determining frequency 

distributions. Also analyzed is the spatial correlation among 

sampled values of each variable. Such information can then be 

used to estimate the values of a variable at unsampled 

locations as well as to evaluate the corresponding estimation 

error. This can form the input for subsequent deterministic or 

stochastic numerical simulations. 

In this chapter some geostatistical concepts relevant to 

the present study are briefly outlined. In the following 

notation x refers to the vector of spatial coordinates ands 

to the length of the separation vector between two data 

locations. 
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4.1. RANDOM VARIABLES AND FUNCTIONS 

Hydraulic conductivity is viewed as a "regionalized 

variable" (Matheron, 1971) that is distributed randomly at 

each point in space due to the erratic nature of geologic 

phenomena. The same applies to piezometric head which depends 

in part on the spatial distribution of hydraulic 

conductivities. 

Hydraulic conductivity, like many regionalized variables, 

is not purely random, but shows some autocorrelation or 

"structure". Its functional values at two different locations, 

K(x) and K(x+s) are statistically autocorrelated in a manner 

which depends on direction and separation distance. 

Geostatistical methods use this spatial correlation for 

interpolation and averaging purposes. Journel and Huijbregts 

(1978) provide a detailed description of geostatistical 

methods and their application. 

At each point in space, hydraulic conductivity is 

considered to be a continuous random variable z (x) 

characterized by a (univariate) probability distribution and 

the corresponding cumulative distribution function 

F(z,x) = Prob {z(x) ~z} E[0,1] 

Here z(x) denotes any value of the random variable Z(x). The 

collection of all random variables Z(x) at all points x in a 
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region forms a random field or a spatial random function. 

Measurements are viewed as a non-random (except for 

measurement errors) sample from one particular realization out 

of an infinite ensemble of all possible realizations of the 

random field. The random function describes both local 

randomness of Z(x) and any structured non-random aspect of its 

variation in space. 

To fully describe the random function z (x) , one must know 

its joint (multivariate) probability distribution at all 

points x. As this is not possible, some simplifying 

assumptions must be adopted. The most common assumptions in 

geostatistics are those of weak (second-order) stationarity, 

stationarity of increments (the "intrinsic hypothesis"), and 

ergodicity. These or related assumptions are usually necessary 

for the theory to "work" when applied to real data, and are 

explained briefly in the next section. 

4.2. STATIONARITY AND ERGODICITY 

The random function Z(x) is said to be (strongly) 

stationary if it is governed by a probability law which does 

not depend on x, i.e. the statistical properties of Z (x) 

remain constant in space, and if the joint distribution is 

translation invariant. More specifically, 

a. E{Z(x)} = m; m exists, and is independent of location; 
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b. var{Z(x)} = a2 ; a2 exists, and is independent of location; 

c. For any n locations x 1,x2 , •• ,Xu and any separation vectors, 

th~ joint probability distribution of Z(x1), ••• ,Z(Xu) is the 

same as that of Z(x1+s), .•• ,Z(Xu+s). Equivalently, all joint 

moments of Z(x) are independent of spatial reference. Second

order stationarity applies only to the first two moments. 

Thus, in additon to (a) and (b), one also has 

c. cov{Z(x+s),Z(x)} = E{[Z(x+s)-m][Z(x)-m]} = 

= E{[Z(x+s)Z(x)]}-m2 = C(s), i.e. the covariance depends only 

on the separation vectors (its magnitude and direction). 

The (auto)covariance function C(s) is a measure of the linear 

dependence between two random variables a distances apart, 

and thus determines its spatial structure. If C(s) varies with 

the direction of s, Z(x) is said to be statistically 

anisotropic; otherwise it is statistically isotropic. 

Even weaker than second order stationarity is the 

intrinsic hypothesis which implies second-order stationarity 

of first-order increments (Journel and Huijbregts, 1978). The 

intrinsic hypothesis is advantageous in the absence of a 

finite variance. This happens when the variability of Z(x) 

increases indefinitely as the size of the domain increases. 

Under the intrinsic hypothesis 

a. E{Z(x+s)-Z(~)} = m; independent of location, zero for a 

constant mean, 
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and 

b. Var{Z (x+s)-Z (x)} = 2-y(s); independent of location, and 

finite for finites. 

As can be seen, the use of first-order increments filters out 

a constant mean. Half the variance of the increments is called 

the semi-variogram (hereinafter simply called variogram) 

)'(S) • 

The joint distribution of two random variables, Z(x) and 

Z (x+s), is described by the joint cumulative distribution 

function 

Fz(x> ,z(x+s> [z (x) , z (x+s)] = Prob {z (x) ~z (x) , Z (x+s) ~z (x+s)} 

A bivariate frequency distribution, analogous to a univariate 

histogram, is a scattergram. A scattergram may be a plot of 

points, each of which represents a pair of data a distance h 

apart. In this case, perfectly correlated data plot on a 

straight 1:1 line at a 45-degree angle. The larger is the 

spread about the straight line, the smaller is the degree of 

linear correspondance (correlation) between the data pairs. 

The variogram can be seen as the moment of inertia of the 

scattergram of data pairs z (x) and z (x+s) for various s 

(Journel, 1989). It is half the average squared difference 

between the two components of each pair 



Y (s) = 1=.E { [Z (x+s) -Z (x) ]2} 
2 
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A larger value for the variogram of the random function 

indicates less linear dependance between the two random 

variables Z(x) and Z(x+h). It should be noted that as 

different shapes of the scattergram can give the same moment 

of inertia, the variogram does not give any indication about 

the nature of the scattergram (Kim, 1988). As will be shown 

later, a special variogram type, called indicator variogram, 

can be used to better represent the information in the 

scattergram. 

It should be noted that, since the variogram must be 

estimated from a single set (realization) of spatial data, it 

cannot be taken location dependent and must be considered 

stationary. Ideally, the variogram would be associated with 

two points in space and computed from many realizations. 

Replacing such ensemble calculations by spatial calculations 

requires both stationarity and ergodicity. The hypothesis of 

ergodicity cannot be tested a priori using only a single 

realization, as there will always be a particular realization 

that may indicate non-stationarity of the random function Z (x) 

(Journel and Huijbregts, 1978). Therefore ergodicity is a 

modelling decision (Journel, 1989). 

The relation between covariance and variogram in the case 
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of second order stationarity is 

y(s) = C(O) - C(s) 

where 

C(O) = covariance at zero separation distance, or 

variance 

It can be seen that if Z(x) is second-order stationary so are 

its increments, but the converse is not necessarily true. 

The variogram describes how the degree of spatial 

correlation among random variables changes with separation 

distance. Using the variogram instead of the covariance has 

two distinct advantages, namely 

a. the variogram can exist when the covariance does not, 

and 

b. estimation of the mathematical expectation of Z(x) is not 

necessary (under 2nd-order stationarity). 

Another important concept in geostatistics is that of 

ergodicity. Ergodicity means that the statistical properties 

of a stochastic process can be inferred from the spatial 

variation in any single realization of this same process. In 

the present study the data is a collection of randomly varying 

hydraulic conductivities at various points in space. Thus, 

only one realization of the random field, namely the actual 
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data set, is available. In adopting the notion of ergodicity 

it is assumed that the spatial average from this single 

realization converges to the ensemble average as the sample 

size increases. Then it is possible to determine moments of 

the joint probability function of the random variables from 

only a single realization of the ergodic field. 

4.3. GEOSTATISTICAL ESTIMATION 

4.3.1. VARIOGRAM 

For an ergodic field the variogram can be estimated from 

pairs of data points according to 

with 

y*(s) = 
l N(s) 

---E [z(xi+s)-z(x)] 2 

2N(s) i,.1 

N ( s) number of pairs of data points a 

distances apart 

z(~+s),z(~) ••• pair of data a distances 

apart 

This is sometimes called the "classical" or method of moments 

variogram estimator. In case the pairs z(~) and z(~+s) are 

bivariate normal and independent from each other, the above is 

an optimal estimator of the variogram (Omre, 1984). 
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Another possible estimator which is more "robust" in that 

it reduces the effect of outliers in the data (Cressie and 

Hawkins, 1980), 

y* (s) 

is 

[0.457 + 0.494] 
N(s) 

Note that this estimator is based on the assumption of 

normality. 

Several valid theoretical variogram models, i.e. models 

of a positive definite type, can be fitted to the experimental 

variogram, such as a linear, spherical, exponential, or pure-

nugget model. The variogram model that, due to results from 

the structural analysis, will be used in this study is the 

spherical model, written as 

Y (s) 
[

C {2 ( S) _ _! ( S) 3} 
1 2 a 2 a 

= 
c 1 , s>a 

, s~a 

with 

c 1 sill, or variance of the data 

a range, or separation distance beyond 

which there is no more correlation 

between data pairs 
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In the presence of a nugget effect, a nugget term is added to 

the equation, and c 1 is set equal to sill minus nugget. A 

nugget effect may be due to a variability between data values 

at a separation distance smaller than the minimum distance 

between data locations, and/or the presence of measurement 

errors. In the stochastic continuum approach for fractured 

media, the effects of varying fracture number, orientation, 

and effective radius, and the interpretation error for the 

packer tests may manifest themselves as a nugget term (Neuman, 

1987). 

The experimental variogram may reveal some degree of 

anisotropy in the spatial correlation among data, i.e. the 

variogram (or covariance) depends not only on the length of 

the separation vector, but also on its direction. Thus the 

variogram parameters for different directions are different 

from each other. The spatial correlation along the direction 

of sedimentation of a high-permeability channel, for example, 

will be greater than the spatial correlation in the transverse 

direction. The type of anisotropy most commonly considered is 

geometric, where the sill is constant but the range varies 

with direction. The anisotropy is statistical, and does not 

refer to the local nature of the random variable, e.g, the 

local hydraulic conductivity. This random variable may still 

be a scalar, and this is how we treat it in this study. 
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4.3.2. LINEAR ESTIMATION 

If the joint distribution of all random variables Z(~) 

at measurement points ~' i=l, 2, ..• , n, was known, the best 

possible estimator of Z (Xo) at some unsampled location Xo 

between the measurement points could be computed as its 

conditional expectation. As this distribution is hardly ever 

available, linear estimators are often used. If the random 

variables were jointly normal, the linear estimator would be 

optimal. 

In linear geostatistics, the estimated value of Z at 

location Xo is a weighted linear combination of the 

surrounding data. A "simple kriging" estimate is obtained from 

where 

n 

z ;K ( x 0 ) = m + L Ai ( z ( x) -m) 
i=l 

n number of data points 

m known mean 

kriging coefficients 

depending on Xo 

or weights, 

which represents a weighted sum of residuals. An "ordinary 

kriging" estimator, used when mis unknown, is obtained from 



n 

z;K(x0) = L liz (x) 
i•l 

subject to the unbiasedness condition 

Both estimates are unbiased in that 

and optimal in that 

VAR { (Z* (x0 ) - Z(x0 )} = minimum 
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It should be noted that the weights may be negative. Their 

magnitude depends on the distance between the data and the 

estimation point and on the relative locations of the data 

points. 

The minimum variance condition for the estimation error 

can be written as 

n 

2E liy (xa-x1> 
i•l 

n n 

LL 11'-JY (x1 -xJ) = minimum 
i•l j•l 
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It should be noted that the above expression does not depend 

on data values, only on their locations. Thus the resulting 

kriging variance, i.e. the minimized variance of the 

estimation errors, is data value independent. For ordinary 

kriging a Lagrange multiplier µ, yields a system of linear 

equations 

subject to 

n 

L ljy (x1-xj) +µ = y (x0 -x1 ) ; i=l, ... , n 
js:1 

These are known as ordinary kriging equations. For simple 

kriging, the equations simplify to 

n 

~ l 1C(xi-xj) = C(x0 -xi) 

Both simple and ordinary kriging will yield a unique solution, 

as long as the data covariance matrix which is, for the case 

of simple kriging, written as 



C(x1 -x1 ) 

C(xn-x1 ) 

C(x1 -xn) 

C(xn-xn) 
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is positive definite. The components of the covariance matrix 

describe the degree of spatial correlation between sampled 

data at two different locations, and allow the kriging 

algorithm to account for possible redundancy (in the case of 

close correlation between adjacent sampled locations) of data. 

The spatial correlation between the location to be estimated 

and any other location is given by the right-hand side of the 

kriging equations, and can be written in vector form as 

where T stands for transpose. 

If the data are uncorrelated, the estimate becomes the 

known mean min the case of simple kriging, and the arithmetic 

mean of the data in the case of ordinary kriging. 

The kriging estimator is called the Best Linear Unbiased 

Estimator (BLUE). It is also an exact estimator, meaning that 

estimation at a sampled location will yield the measured 

value, in the absence of measurement errors and small-scale 

variability, and the kriging variance will be zero. If the 

random variables Z(xi) are jointly normal, the simple kriging 
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estimate coincides with the conditional expectation. 

In addition to the estimate at a specific location, the 

kriging procedure yields the kriging variance which is the 

minimized variance of the error of estimation. If Z(x) is not 

multivariate Gaussian, this variance is only an approximation, 

albeit useful. Maps showing the spatial distribution of areas 

of high or low kriging variance (or the corresponding standard 

deviation) can be used for the design of future sampling 

programs, and as input into stochastic models. 

4.4. STOCHASTIC CONTINUUM APPROACH 

The stochastic continuum approach (Neuman, 1987) directly 

utilizes results from small-scale hydraulic injection tests. 

It views the values of hydraulic conductivity derived from 

these tests as defined over a continuum, although the 

measurements are actually performed on a sub-REV scale. If the 

packer intervals are large enough to contain a sufficiently 

large number of intersecting fractures, and yield a large 

enough number of non-zero values of hydraulic conductivities, 

one can assume that any point in the rock, associated with a 

similar size volume, might yield a non-zero value for 

hydraulic conductivity. The volume of rock (or support) that 

is affected by the injection test is often taken to have a 

dimension equal to the length of the test interval. 
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Measured hydraulic conductivities are viewed as scalar 

quantities. Local effects on the measured injection flow rates 

which are due to variations in the number and orientation of 

fractures and the effective radius, and to interpretation 

errors, are considered as being sufficiently random to justify 

lumping them together with measurement errors. This combined 

error is seen as random noise without spatial autocorrelation 

and appears as a nugget effect in the spatial correlation 

structure (covariance, variogram) of hydraulic conductivity. 

Anisotropy in the spatial correlation structure, and a related 

anisotropy in hydraulic conductivity itself, on a scale larger 

than the support of the packer test, can be viewed as being 

caused by the orientation of fractures in three-dimensional 

space. 

For fractured granitic rock near Oracle, Arizona, a test 

interval length of about 3.8 m was regarded as long enough to 

yield hydraulic conductivity values defined over a continuum, 

considering that the average spacing between fractures is 

about 40 cm (Neuman, 1987). 

5. EXPLORATORY STATISTICAL ANALYSIS, STUCTURAL 

ANALYSIS, AND DIMENSIONALITY OF THE DATA SET 

In this chapter the measured hydraulic conductivities and 

piezometric heads are analyzed with respect to their 
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statistical and structural information, and the question of 

the dimensionality of the data set is addressed. For the 

foilowing analysis the log-transformed hydraulic 

conductivities are used, as it has been shown that hydraulic 

conductivity tends to be lognormally distributed. This means 

that log-transformed hydraulic conductivities are normally 

distributed. Although a normal distribution of the data set is 

not a requirement, it is desirable for kriging. The range of 

variability and the impact of extreme data values on the 

sample variogram are reduced by the logarithmic 

transformation, so that the log-transformed field is often 

stationary (Delhomme, 1979). 

5.1. HYDRAULIC CONDUCTIVITY 

Almost one third of the 2.5 m packer tests yielded flow 

rates below the detection limit of the measurement device. The 

corresponding hydraulic conductivity in these test intervals 

must thus be below 2.0E-10 m/s. This might imply that the 

stochastic continuum approach should not be applicable, due to 

these data. It is demonstrated in this thesis, however, that 

a continuum analysis of the data is nevertheless possible by 

means of an indicator approach. Transforming hydraulic 

conductivity data into binary indicator data allows for the 

joint consideration of hard and soft information, with soft 
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information in the form of an inequality constraint for data 

below the detection limit. Thus indicator-transformed data can 

be -viewed as being defined over a continuum, and are available 

for stochastic analysis. The concept of indicator 

transformation will be discussed in Chapter 6. 

To detect a possible correlation between fracure density 

(number of fractures per meter borehole interval) and 

hydraulic conductivity, the two variables were plotted against 

each other (Fig. 2). No meaningful correlation was inferred. 

It should be noted, however, that a distinction of the 

fractures with regard to the directional set they belong to 

was not made, as this information had not been available. 

Fig. 3 shows a histogram of the natural logs of hydraulic 

conductivity, with values below the detection limit set equal 

to the detection limit. This results in a bimodal distribution 

with the highest frequency at the detection limit. If one 

ignores values at the detection limit, the remaining 

histogram is slightly skewed to the right, suggesting a near

normal distribution. 

The variability of the loglO-transformed hydraulic 

conductivities is relatively high and spans almost six orders 

of magnitude. The broad distribution of hydraulic conductivity 

can also be seen in the mean and the variance of the natural 

logs which are -17.3 m/s and 9.5 m/s, respectively (including 

values at the detection limit). It should be noted that the 
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above values form only upper and lower limits, respectively, 

for the unknown actual distribution. 

Fig. 4 is a normal probability plot of natural log

transformed hydraulic conductivities. Again the effect of the 

values at the detection limit on the shape of the distribution 

can clearly be seen. The remaining points lie not far from a 

straight line, suggesting again a near-normal distribution. 

There are several ways to treat values below the 

detection limit. Setting them equal to the detection limit 

preserves much of the information contained in the data set, 

but results in a reduced variance. This probably causes only 

a small error in the calculation of flow because the latter 

takes place through regions of higher hydraulic conductivity. 

Discarding data values below the detection limit has the 

advantage of rendering the remaining data close to normal. It 

has the disadvantage of causing a loss of valuable 

information, because almost one-third of the test intervals 

yield "very low", or non-measureable, hydraulic 

conductivities. It is desireable to extract and use all 

possible information from the data. As was mentioned earlier, 

the spatial distribution of regions of very low hydraulic 

conductivity has considerable impact on the movement of 

tracers, which tend to circumvent such regions. 

One way to retain all the information contained in the 

data is to assume that the probability distribution of actual 
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(unknown) hydraulic conductivities is also log-normal, and to 

randomly assign values smaller than the detection limit to 

test intervals that yielded values below this limit, so as to 

maintain the normal probability distribution of the resulting 

samples. This is tantamount to extrapolating the frequency 

distribution established for data above the detection limit to 

values below this limit. 

Another possibility is to transform the available data 

into binary values, depending on whether the hydraulic 

conductivity at a specific point in space is above (1) or 

below (0) a cutoff value (or indicator) which is set equal to 

the detection limit. Both this indicator approach and the 

approach that considers values below the detection limit as 

being equal to this limit are considered in this study, and 

are examined for their applicability. The indicator approach 

will be outlined in Chapter 6. 

5.2. HYDRAULIC HEAD 

The water table intersects all three vertical data planes 

a short distance above the horizontal drift so that both 

saturated and unsaturated conditions are found within the 

investigated rock volume. Pressure heads rather than hydraulic 

heads will be used in the subsequent analysis so as to allow 

easy identification of the water table as the zero-pressure 
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isobar. Since this thesis deals only with flow in the 

saturated zone, determining the approximate location of the 

water table is required to define the upper boundary of the 

flow domain. Any flow across this boundary will then be 

calculated as part of the solution. 

with 

The hydraulic head hat location xis written as 

'Y (x) 

e (x) 

h (x) = llr (x) + e (x) 

pressure head (m) 

elevation head (m) 

The histogram of measured pressure heads (Fig. 5) in 

approximately 5 m monitoring intervals for September 3, 1985, 

shows a bi-modal distribution with a high frequency of 

slightly negative values. 

5.3. REDUCTION FROM THREE TO TWO DIMENSIONS 

As mentioned, the data have been measured in three 

parallel vertical planes. Unfortunately the data in any given 

plane are insufficient to allow a meaningful geostatistical 

analysis of hydraulic conductivities and pressure heads. In 

. particular, the data do not allow defining a directional 

sample variogram for any plane. A three-dimensional variogram 

could not be constructed because the smallest distance between 
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the planes is 23.9 m. It would have been clearly advantageous 

for the purpose of geostatistical analysis to drill the 

boreholes at directions and angles that would provide more 

adequate three-dimensional coverage. In the absence of such 

coverage, the dimensionality of the data was reduced from 

three to two by projecting all three vertical planes onto a 

single plane. This assumes that hydraulic conductivities on 

the three planes form a single population and therefore 

discarding the third dimension does not change their spatial 

structure. Fig. 6 shows the two-dimensional distribution of 

hydraulic conductivities on the combined plane. 

Piezometric head measurements were conducted in the same 

10 boreholes in three seperate vertical planes. Cacas et al. 

(1990a, pg. 486) state that" As this piezometric head field 

is approximately the same over the three sections of the 

investigated domain, the global flow around the drift can be 

simulated in a two-dimensional plane perpendicular to the 

drift axis". It should be noted, however, that there are some 

differences in the hydraulic head distribution between the 

three vertical profiles. An additional reconnaissance borehole 

drilled from another drift was held responsible for the 

relatively low heads in borehole #4 by the aforementioned 

authors. Furthermore, combining the three planes brings 

boreholes #10 and #3, which have quite different measured 

heads, close to each other. 
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Figures 7 and 8 show contours of hydraulic head and 

pressure head, respectively, for September 3, 1985, based on 

data from all three planes. They can be viewed as steady state 

considering the slow rate of water level variations for 

several days before and after the September 3 date. 

6. INDICATOR APPROACH 

Indicator kriging is a non-linear method, in that a non

linear indicator transformation is applied to the data. It is 

a non-parametric method (unlike log-normal and multi-normal 

kriging) in that it requires no assumption about the 

underlying distribution of the data. Whereas parametric 

methods yield "optimal" estimates of an unknown variable, non

parametric methods estimate the uncertainty in the variable at 

a specific location. A favourable computational characteristic 

of indicator kriging is that the local estimates are derived 

from the solution of a system of equations nearly identical to 

those of simple or ordinary kriging. 

In the indicator approach the data at each location x are 

transformed into a binary random variable I(x,zc) consisting 

of only l's and O's, depending on whether the data value is 

below or above the indicator (cutoff) value zc. It has the 

attractive property that local hard indicator data originating 

from both local hard data and ancillary information that 
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provides hard inequality constraints can be analyzed jointly 

(Journel and Alabert, 1990). Ancillary information may be in 

the form of interval constraints 

where a and bare prescribed upper and lower limits, or by 

inequality constraints such as 

or 

A way to represent soft information is through a prior 

probability distribution 

Pr ob {z ( x 1 ) ~ z} = F ( z, x 1 ) E [ 0 , 1] 

In practice, inequality constraints and soft information 

originate from hydrologic, hydrochemical and geophysical 

information. 

Results of the application of geophysical tomography 

which is based on the attenuation of high-frequency 

electromagnetic waves by the investigated medium, to fractured 

granitic rocks near Oracle, Arizona, indicate that this method 
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produces images of the spatial distribution of hydraulic 

conductivity which compare favourably with images obtained 

through kriging using small-scale measurements (Neuman, 1987). 

Thus geotomography could be very useful in yielding hard 

inequality constraints and soft information for indicator 

kriging and subsequent sequential indicator simulation in 

three-dimensional space. This soft information could be in the 

form of an interval [a,b] (calibrated against borehole or 

laboratory measurements) for the actual value of hydraulic 

conductivity in areas where no measurements exist. Uncertainty 

in the estimates could thus be reduced considerably in areas 

of low data density. 

From the transformed data the spatial distribution of 

probabilities of the variable within a region can be 

estimated. Thus indicator kriging provides a least squares 

estimate of the conditional cumulative distribution function 

at each cutoff (Deutsch and Journel, 1992). The conditioning 

is done on data in the neighborhood of the location where 

estimation is desired. 

For any indicator value, or cutoff, zc, the indicator 

random variable at location xis defined as 

[

O, 

1, 

Z(x) >zc 



and its conditional expected value is 

with 

E {I ( X; z c> I z (x n) , nEN } 

= 0 x Prob{Z(x)>-zc I z(xn),nEN} 

+ 1 x Prob {z(x) ~Zc I z(xn> ,nEN} 

= Prob{z(x)~zc I z(xn),nEN} 

{z (Xu), n EN} ..• N conditioning sample data 
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Thus, by estimating the indicator conditional expectation, one 

actually estimates the corresponding conditional probability 

of the original random variable (Gomez-Hernandez and 

Srivastava, 1990). 

Transforming the sampled data according to 

f
a, 

1, 

and kriging the indicator transforms will give the best linear 

unbiased estimate of the conditional probability according to 

N 

4>• (x0 ; zc I z (xn> , n E N) = E An (x0 ; zc) i (xn, zc) 
n•l 

which is the estimated probability of having a data value 

below the specified cutoff at location Xo· Corrections to the 
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estimated probabilities may have to be performed if certain 

order relations are not satisfied (see Chapter 7.1.2.). The 

estimated probabilities can be used directly as input into a 

stochastic simulator. 

The indicator kriging criterion is 

(cl> - cl>*) 2 = minimum 

It yields the following system of kriging equations 

N 

L lm (x; zc) y i (xm-xn; zc> + µ (x; zc) = y i (x0 -xn; zc) 
m=l 

V n = 1, ... ,N 

subject to the unbiasedness constraint 

N 

Llm(x;zc) =1 
m2 l 

which can be solved for the weights Aui(Xo,Zc)• 

It should be noted that the indicator random function is 

different for each cutoff zc. If a series of cutoff values is 

applied, a series of estimated probabilities is obtained from 

which one can construct an estimated cumulative distribution 

function of z(x). 

The indicator variogram, i.e., the variogram of the 



random function I(x,zc), is defined as 

= ..!E{[I(x+s,zc) - I(x,zc)] 2} 

2 

A sample variogram is calculated according to 

l N(s) 

--- L [i (x+s, zc> - i (x, zc>] 2 

2N(s) J .. 1 
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where N(s) is the number of pairs with a separation distance 

s. Thus, for every cutoff value zc, a variogram for the 

indicator function must be calculated. Indicator variograms 

for two different cutoff values are generally different. 

Indicator variograms are extremely robust with regard to 

data at the tails of the distribution because their estimation 

does not require actual knowledge (values) of the data. The 

best defined experimental (sample) indicator variogram is 

usually that which corresponds to a cutoff close to the median 

of the probability distribution function, because then roughly 

50 % of the indicator data are equal too and 50 % are equal 

to 1 (Kim, 1988). 

In summary, indicator kriging provides an estimate of the 

distribution function of an attribute at an unsampled 

location. For some practical applications it is nevertheless 

desirable· to provide a single deterministic value z· (x) of 
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this attribute instead of its probability distribution. 

Depending on the loss or impact attached to each level of 

error, e = ( z· - z (x)), several "best" estimates can be 

defined, such as the expected value (E-type estimate) 

corresponding to a least squares optimization criterion, the 

median corresponding to a mean absolute deviation criterion, 

or the mode for a step-shaped criterion (Journel, 1989). 

The indicator approach has become quite popular in recent 

years. Alli et al. (1990) determined the spatial distribution 

of the probability of encountering specific soil collapse 

parameters using cutoff values for low, medium, and high 

collapse susceptibility in the Tucson basin, Arizona. Johnson 

and Dreiss (1989) used indicator geostatistics in the 

interpretation of permeability data from borehole logs. 

Journel and Isaaks (1984) applied the indicator concept to ore 

grade data from a Uranium deposit in Saskatchewan. Journel and 

Alabert (1990) used the indicator formalism for air-

permeability measurements from a sandstone to determine the 

spatial connectivity of extreme values. 

In this thesis, the indicator appraoch is found to be 

useful in dealing with the lack of ability to measure 
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hydraulic conductivities below a certain value. 

7. V ARIOGRAM ESTIMATION AND KRIGING 

Below we perform both traditional and indicator 

geostatistical analysis of hydraulic conductivities, with only 

a standard analysis of pressure heads. After sample variograms 

have been computed from sampled hydraulic conductivity and 

pressure head data a theoretical variogram model is 

determined. Then, using this variogram model, the kriging 

equations are solved to obtain the spatial distribution of 

estimates of the respective variables. 

7 .1. HYDRAULIC CONDUCTIVITY 

7 .1.1. LOG-NORMAL APPROACH 

Directional and all-directional sample variograms of 

hydraulic conductivity for separation distance (lag 

distances) in multiples of 6.0 meters are shown in Fig. 9. 

These variograms do not show any pronounced anisotropy, but 

indicate the presence of a drift (in a geostatistical sense) 

which renders the random function non-stationary. Comparing 

the weighted average of the all-directional variograms from 

the three vertical planes and the all-directional variogram 
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for the three planes combined in Fig. 10 shows that they are 

quite similar. This suggests that combining the three planes 

preserves the spatial correlation structure of the hydraulic 

conductivities and the data from the three planes indeed 

belong to one population. To help render the data stationary 

it is necessary to remove the drift (a systematic trend, or, 

equivalentely, a spatially varying mean). The best estimate 

for the drift is determined to be quadratic, or a 2nd-order 

polynomial 

where 

a 0 , •• ,a5 ••• coefficients 

x,z .•. coordinates in two-dimensional space 

The coefficients of this polynomial were fitted by ordinary 

least squares. After removing this trend by subtracting it 

from the data, a sample variogram was computed for the 

residuals (Fig. 11). There appears to be a well defined sill, 

which suggests that the residuals are stationary. Since this 

is not true for the residual variogram considering a first

order polynomial expression, the second-order polynomial is 

taken to be an adequate function for the drift estimate. They 

also appear to be isotropic. Although the variogram for 

residuals is generally biased in that it yields a sill that is 
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too low, this bias is generally small for small lag-distances 

(Delhomme, 1979) which are the most critical for kriging. 

Instead of correcting for this bias and using the 

corrected residual variogram for kriging, a different type of 

variogram, the non-ergodic variogram, is used. Following the 

non-ergodic approach of Isaaks and Srivastava (1988), a non-

ergodic instead of an ergodic measure of spatial continuity is 

used to account for non-stationarity of the mean. In the non-

ergodic approach, reference is made only to a single bounded 

realization, as opposed to the ergodic approach which deals 

with ensemble averages. In the framework of spatial integrals 

(Matheron, 1963; Isaaks and Srivastava, 1988) the non-ergodic 

covariance is defined as 

1 r . 
= A(s) r/in_,z(x) • z(x+s) dx - mv(s) • mv(-s) 

with 

mv(s) = A ts) 1 z(x) dx 

-· 
mv<-s> = A(1s) 1 z(x) dx 

+• 

and the non-ergodic variogram is defined as 
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Yv<sl = 2A~s>al_.£z(x) -z(x+s)]
2
dx 

DnD_s is the set of all locations in domain D from which one 

can move +s away and still be within D; A(s) is the measure of 

DnD_s. 

The non-ergodic framework is particularly well suited to 

data for which the lag mean m0 (s) and the lag variance a 2
0 (s) 

most likely will vary considerably with different values of s. 

The traditional variogram estimator is usually unstable under 

the above conditions because it does not account for the 

variations in lag mean and lag variance. The non-ergodic 

covariance estimator does account for these variations (Isaaks 

and Srivastava, 1988). The drift is locally estimated at each 

sample location, and a residual is calculated. 

If a non-constant mean is present in the data, non

ergodic spatial continuity measures may be modeled and used in 

kriging in the same way as ordinary variograms for stationary 

random variables. The all-directional inverse-covariance 

variogram (or non-ergodic variogram) was constructed from the 

original hydraulic conductivity data in Fig. 12. The term 

"inverse-covariance" relates to the fact that first an 

estimate of the non-ergodic covariance is computed which is 

then converted to an estimate of the non-ergodic variogram. 
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The fitting of a variogram model was done visually, 

resulting in the following spherical model parameters 

nugget= 4.5; sill= 9.5; range= 15.0 m 

Other possible variogram models are the exponential with 

parameters 

nugget= 2.0; sill= 9.5; range= 12.0 m 

and a nested model with parameters 

exponential: nugget= 2.0; sill= 4.0; range= 10.0 

spherical: sill= 9.5; range= 15.0 m 

To determine the 'best' variogram model, cross-validation was 

used. 

This was done by discarding one data value after another, 

and estimating the discarded value by kriging with each 

variogram model. The quality of the variogram model can be 

quantified by considering differences between the estimated 

and observed values. Values of hydraulic conductivity at the 

detection limit were included in the analysis. 

The spherical variogram model gave the best cross

validation results. The estimation error is near-normally 

distributed with a mean and a variance of the z-score 

(normalized 

respectively. 

estimation error) of 0.012 and 0.976, 

Only at one location the z-score exceeded a 

value of 2.5. A z-score above 2.5 indicates a poor estimation. 

Al~hough the abovementioned model performs better than the 

other variogram models, it still is not "good" enough to 
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adequately represent the spatial correlation structure. The 

scatterplot of kriged estimates versus observed values of 

hydraulic conductivity (Fig. 13) shows a wide spread about the 

45-degree line. 

The spherical non-ergodic variogram model is used in 

kriging hydraulic conductivity onto a rectangular grid with 37 

rows and 35 columns and an area of 2.5 m x 2.5 m for each grid 

cell. The resulting spatial distribution of estimated 

hydraulic conductivities is shown in Figure 14. A reduction in 

variability due to spatial smoothing, typical for all weighted 

moving-average interpolation algorithms, is evident from both 

the xz-plot and the histogram of estimated hydraulic 

conductivities (Fig. 16). 

Figure 15 shows the spatial distribution of the 

associated kriging standard deviation. It clearly shows the 

decrease in reliability of the estimate with increasing 

distance from the boreholes along which the data lie. 

It should be noted that the ranges of the different 

variogram models with a length of 12 to 15 m contradict the 

findings of Cacas and coworkers (1990a) that a scale of 10 m 

is large enough to define a fracture network REV. This, and 

the drift on a larger scale, suggests the lack of a REV at any 

scale. 

In order to obtain hydraulic conductivity values that can 

be used in subsequent simulations, the kriged estimates of the 
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To avoid the 

introduction of bias during back-transformation, a correction 

has to be performed, as the estimate of the logarithm is not 

equal to the logarithm of the estimate. 

Although the back-transformed and corrected estimates of 

the natural logarithms of hydraulic conductivity could be 

implemented in a deterministic numerical model, they are not 

used further in this study. This is mainly because the results 

of the estimation are considered doubtful, as the data do not 

possess a truly lognormal probability distribution, due to the 

inclusion of arbitrary values. This affects the computation of 

the sample variogram, the choice of the variogram model and 

its parameters, and consequently the estimation process 

itself. Instead, indicator kriging will be used to obtain 

information about the spatial structure of the hydraulic 

conductivity. 

7.1.2 . APPLICATION OF INDICATOR APPROACH 

The first step in the calculation of indicator variograms 

is the choice of indicator cut-offs. The choice of the number 

of indicators is a balance between tedious computations, due 

to too many indicators, and the loss of detail of the 

estimated cumulative distribution function, due to too few 

indicators. 
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From the cumulative probability of the original data, six 

different cutoff values were determined, so as to have 

approximately the same number of data values within each class 

interval, except for the first and the last indicator classes. 

The chosen indicator values are listed in table 1, together 

with the corresponding percentage of data below the respective 

indicator. 

Indicator Value of K (m/s) Percent of data 

1 8.0E-10 27 

2 1.3E-08 40 

3 4.0E-08 53 

4 2.0E-07 68 

5 4.0E-07 81 

6 6.0E-06 95 

Table 1: Indicators (cutoffs) for hydraulic conductivity. 

Indicator #1 is set equal to the detection limit of 

hydraulic conductivity measurements, so as to include all data 

values that are not known precisely. In this way all the 

information available from the data set is preserved in a 

consistent manner. Indicator #3 corresponds to the median 

indicator, i.e., it is set roughly to the median value of the 

cumulative distribution function. 

For each of the six indicators, the data are transformed 
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into binary values, i.e., into 1 if the hydraulic conductivity 

is below the cutoff value, and into O if it is above the 

cutoff value. Sample variograms are calculated for the 

resulting indicator functions. 

From the plot of directional and all-directional sample 

variograms for indicator #1 (Fig. 17), the presence of a drift 

in the indicator function is indicated. Estimating the drift 

by a first-order polynomial trend function and removal of the 

trend yields residual sample variograms with a finite variance 

(Fig. 18). As can be seen, the trend in the sampled data 

becomes effective only at separation distances larger than 45 

meters. As will be discussed later, a search neighbourhood of 

25. Om is large enough to contain enough data for kriging. 

Any non-stationarity in the sample variogram at distances 

larger than 25.0 m will not affect the resulting estimates. 

Thus the sample variograms for zero-order drift can be 

considered in the subsequent fitting of a variogram model. 

Although the sill values vary with direction, the range values 

are similar. Therefore the theoretical variogram model is 

fitted only to the all-directional sample variogram. The 

sample variogram for indicator # 2 shows similar 

characteristics. The all-directional sample variograms for 

indicator# 2,4,5 and 6 are shown in Fig. 18b. 

The sample variogram for indicator# 3 was analyzed in 

detail, as this is the variogram model that was at last used 
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for indicator kriging. The directional and all-directional 

sample variograms for indicator #3 (Fig. 19) do not imply any 

drift. The directional sill values are very similar to each 

other, and the directional ranges are approximately the same. 

The spherical variogram model that is fitted to the all

directional sample variogram is shown in Fig. 20. 

Analysis of the remaining indicators shows that for all 

six indicators the all-directional sample ·variogram can be 

considered an adequate representation of the spatial structure 

of the respective indicator function. All the sample 

variograms, except for the last one, are well behaved. This 

property of indicator variograms is due to the reduction in 

variability of the data by the indicator transformation. Type 

and parameters of the isotropic variogram models which were 

fitted to the sample variograms by eye, are listed in table 2. 

To examine the effect of combining the three planes on 

the spatial correlation of the indicator random variables, the 

weighted average of the all-directional sample variograms in 

the three planes is compared in Figs. 21 and 22 with the 

sample variogram of the combined data for indicators #1 and 

#3. In both cases the sample variograms are sufficiently close 

to each other to justify combining the data. 

The same type of variogram model is fitted to all the 

indicators, but some parameters differ from each other. The 

ranges are approximately the same, whereas the sill has a 
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minimum of 0.05 for indicator I 6 and a maximum of 0.25 for 

the median indicator. 0.25 is the expected value for the sill 

of the median indicator variogram, as at the median indicator 

the proportion of 1's is equal to the proportion of O's. As 

the cutoff value increases further, the sill of the respective 

variogram models decreases. 

The variogram models in table 2 appear to be more or less 

proportional to each other. In this case, so-called median 

indicator kriging can be used. In median indicator kriging the 

median indicator variogram model is used for all the 

indicators. The corresponding system of kriging equations is 

solved only once and the resulting weights are used in the 

estimation of each indicator. Thus, although the weights that 

are assigned to data points change with the location of the 

estimate, these weights do not change from one indicator to an 

other. This results in a considerable simplification and 

decrease in computer time. Using seperate indicator variograms 

would be superfluous, as the resulting kriging weights would 

be (almost) the same for all indicators. 
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Indicator Type Nugget Sill Range (m) 

1 spherical 0.11 0.18 20.0 

2 spherical 0.16 0.24 18.0 

- 3 spherical 0.16 0.25 18.0 

4 spherical 0.14 0.23 20.0 

5 spherical 0.10 0.16 23.0 

6 spherical 0.02 0.05 20.0 

Table 2: All-directional theoretical indicator variogram 

models. 

Standardizing the indicator variogram models so that 

their sills are 1.0, and plotting the standardized models, 

shows that they are indeed quite similar (Fig. 23); only the 

variogram for indicator 6 deviates from the other variograms. 

The sample variogram for this indicator is not well behaved 

due to the small number of data above the cutoff value. Thus 

the choice of a variogram model for this indicator is somewhat 

arbitrary. 

Using standard (simple or ordinary) kriging equations, 

the indicator kriging weights are determined for any point of 

interest. Next, a cumulative probability function is estimated 

for each indicator. Thus, for the six indicators, we obtain 

six discrete estimates of probability. These must satisfy the 

order relations 
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lim 4>• (A, zc> = 0 
z---

lim 4>• (A, zc> = 1 
z•+• 

Some estimates may violate these relations, in which case a 

correction is necessary. Violations of order relations may be 

due to 

a. the presence of negative kriging weights 

and/or 

b. insufficient data in some of the indicator classes. 

Corrections are then performed by resetting the estimates of 

the cumulative distribution function to the closest estimate, 

or discarding cutoff values that correspond to indicator 

classes with insufficient data. 

Only a few violations of the order relations have been 

encountered in the present study (at most 4 per indicator). 

This is due to the fact that all but one of the indicator 

classes contain less than 14 % of the data values. Another 

reason may be the use of a single indicator variogram for all 

the indicators, which eliminates structural variations between 
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them. 

Indicator kriging results in estimates of the cumulative 

distribution function at every point on a rectangular grid 

superimposed on the domain of interest. At each grid point, 

si~ discrete estimates are obtained for the probability 

function. Interpolation between the estimates and 

extrapolation beyond the first and the last cutoff have to be 

performed in order to fully define the estimated cumulative 

distribution function. An increase in resolution is acquired 

by performing interpolation and extrapolation at 70 additional 

support points at equally spaced values of hydraulic 

conductivity. 

At support points within class bounds, linear 

interpolation can be used with or without the use of tabulated 

values. The tabulated values are taken from the cumulative 

distribution function of the actual data. Using tabulated 

values from the actual data distribution leads to slightly 

better kriging results than not using them, as will be 

discussed later. 

Extrapolation below the first cutoff value is done here 

with a power model of the form 



where 

= [ z - Zsl ] .a 

Z1 - Zsl 

z" •.. specified lower limit 

z 1 first cutoff 

w ••••• power parameter 
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The value chosen for the power parameter is 1. O, which 

corresponds to a uniform distribution between the lower limit, 

set arbitrarily to 1.0E-12 m/s, and the first cutoff. 

Extrapolation beyond the last cutoff value is done with 

a hyperbolic model of the form 

c1>:,.i<z) = 1 -
z<.> 

where 

with 

A •••• scaling parameter 

zP ••• pre-calculated quantile value 

w • • • • power parameter 

The power parameter is set to 1. 2, so that the estimated 

cumulative distribution function increases slowly above the 

last cutoff, thereby preserving the positive skewness apparent 



57 

from the original data. This method of extrapolation leads to 

estimates with a finite probability of having hydraulic 

conductivity values larger than the highest values measured. 

Various factors determine the quality of the kriged 

estimates, such as 

a. the choice of the indicator variogram model and its 

parameters, 

b. the decision whether to use different variogram models for 

each cutoff, or median indicator kriging, 

c. size of the search neighborhood and the number of data 

points used in kriging, 

and 

d. the choice of interpolation and extrapolation models. 

Cross-validation of the form described earlier in 

connection with kriging of log-transformed hydraulic 

conductivities cannot be used for indicator kriging. This is 

so because the estimates in indicator kriging are not 

indicator transforms of data values, but least squares 

estimates of the cumulative distribution function at a cutoff 

zc. An alternative is to estimate the cumulative distribution 

function for every data location (by disregarding the 

available measurement at this location) , average them over all 

such locations, and compare with the cumulative distribution 

function of the actual data (Kim, 1988). The comparison was 

done here for nine deciles of the cumulative distribution 

functions, and for the z-values corresponding to a probability 
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of 92 %, 94 %, 96 %, and 98 %. Such comparisons are shown in 

Figs. 24 and 25 where the results of cross-validation are 

shown on the vertical axis and the original cumulative 

distribution function of log hydraulic conductivities is shown 

on the horizontal axis. Fig. 24 uses information from the 

actual data distribution in the interpolation within class 

intervals of the estimated distributions, whereas Fig. 25 does 

not. Fig. 24 is seen to represent a better reproduction of the 

actual data distribution than does Fig. 25. 

The actual estimation is performed on a rectangular grid 

of 44 columns and 47 rows, with cells of 2.0 m x 2.0 m. The 

estimates of the cumulative distribution function for each 

cutoff are post-processed to account for order-relation 

violations and to perform the required interpolations and 

extrapolations. The final results, after post-processing, are 

presented below in the form of gray-scale plots. 

Fig. 26 is a plot of the E-type estimate of natural log 

hydraulic conductivity which represents the mean estimated 

cumulative distribution function. It is calculated from 

(Deutsch and Journel, 1992) 

where 

+• 

X+l 

= E zc1:rnc [F(x; zc1> - F(x; zc1)] 
i•l 
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zci .•• the K cutoffs; i=l, ... ,K 

zci;mc conditional mean value within the 

indicator class [ zcii zci+iJ 

z0 
••• n data 

The E-type estimate is, in some sense ( see earlier 

discussion), an optimal estimate. The conditional mean value 

within each class can be estimated by the equally weighted 

average of all data falling into the corresponding class or by 

the aforementioned interpolation procedure. It should be noted 

that the calculation of the conditional class mean poses some 

problems for the last indicator class in a heavily skewed 

distribution (Journel, 1989). Like all kriged estimates, the 

E-type estimate is smoothed. 

A plot of the 90 %-quantile, i.e. P = 0.9, of the 

estimated probability distributions is shown in Fig. 27. It 

depicts the the spatial distribution of natural log hydraulic 

conductivities for which the probability of exceedance is Q = 

10 ~ 
0 ' 

Q = (1 - P). Areas of low hydraulic conductivity 

associated with a non-exceedance probability of 90 %, are 

areas where the hydraulic conductivity is very likely to be 

small. Unlike the E-type estimate, no choice of a particular 

estimator is required for the determination of the P-

quantiles. It should be remembered, however, that high values 

of the estimated probability are based on extrapolation beyond 

the last cutoff value (see earlier discussion). Thus, Fig. 27 

is partly an artifact of the previously specified 
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extrapolation model (hyperbolic). 

Figs. 28,29, and 30 show the spatial distributions of the 

probabilities that the hydraulic conductivity exceeds the 

first, fifth, and sixth cutoff, respectively. Thus, the light 

ar~as in Fig. 28 are those where the hydraulic conductivity is 

likely to be very small (below the first cutoff), whereas the 

dark areas in Fig. 30 are those where the hydraulic 

conductivity is likely to be very large (above the sixth 

cutoff). There appears to be no continuity to zones of high 

probability corresponding to large and small hydraulic 

conductivities. This means that we cannot delineate 

preferrential flow paths and barriers based on our results. 

Instead, isolated patches of large and small hydraulic 

conductivity are apparent, except for a very slight indication 

of limited spatial connectivity in the upper and lower left 

quadrangles of the study area. 

The spatial distributions of hydraulic conductivities and 

probabilities in Figures 28 - 30 are quite smooth as is 

expected from kriging. 

7.2. PRESSURE HEADS 

The all-directional variogram for pressure head in Fig. 

31 increases without limit and thus indicates very clearly the 

presence of a trend in the data. One expects such trend to be 

most pronounced in the mean direction of flow and least 

pronounced transverse to this direction. Indeed, a directional 
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sample variogram in the horizontal direction appears to have 

a finite sill. Although the flow is generally convergent, the 

mean flow direction appears to be more-or-less perpendicular 

to this direction in large portions of the flow field. 

Upon fitting a second-order polynomial drift to the data 

by ordinary least squares, the resulting (biased) residuals 

yield a stable variogram (Fig. 32) with a sill that is most 

likely too low. A spherical model with the parameters 

nugget= o.o; sill= 9.0, range= 25.0 m 

appears to fit this all-directional residual sample variogram. 

A search neighbourhood of 2 o. o m proved to contain enough 

data to perform meaningful kriging of residuals without a bias 

correction, so that any bias in the sill value will not affect 

the kriging estimates. Ordinary kriging yields estimates of 

residuals on a rectangular grid. By adding these to the drift, 

one obtains a map of estimates of pressure heads. From the 

latter, the position of the zero-pressure isobar (the water 

table) can be approximately determined. 

8. INVERSE SIMULATION 

Cacas et al. ( 1990a) determined the global hydraulic 

conductivity of the fractured medium by simulating flow in an 

equivalent homogeneous porous medium model. By gradually 

increasing the size of the simulated domain, the hydraulic 

conductivity reached a constant value of 1. BE-08 m/ s at a 

scale of order 100 m. The authors concluded that this 
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represents an REV. 

To see whether we can reproduce their results, and to 

test whether a single value of hydraulic conductivity can 

indeed be used to reproduce the mean features of the observed 

flow field, we apply an invers~ model to the available data. 

A maximum likelihood adjoint-state finite-element inverse 

program, named GWINV and modified after Carrera and Neuman 

(1986a), is used to estimate parameters of the observed 

steady-state flow field. The parameters that this program can 

estimate include anisotropic transmissivities or hydraulic 

conductivities, storage coefficient, recharge, leakance, 

boundary head, boundary flow rate, boundary type, and steady 

state initial head distribution. 

The equation 

X • < K S!h > + q = o 

subject to the generalized boundary condition 

-K S!h Il = « (H-h) +Q 

where 

~ hydraulic conductivity tensor 

h hydraulic head 

q areal recharge 

n unit vector normal to boundary 

a parameter defining boundary type 
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Q prescribed boundary flux 

H prescribed boundary head 

describes steady-state flow. Discretizing the flow equation by 

finite elements results in the linear system 

~h=Q 

where 

~ conductanpe matrix depending on K 

h vector of nodal head values 

Q vector of nodal flow rates 

The parameters of the flow system are estimated by 

minimizing an overall criterion 

where 

M 

J = Jh + .E liJi 
i:sl 

M •.. total number of parameter types 

Jh = <~-E > T Vi,1 c~-E > 

(the model fit criterion) with 

h· ••. vector of observed hydraulic heads 

h ..• vector of computed hydraulic heads 

Zi··· spatial cross-correlation matrix for 

prior hydraulic head errors 
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and 

(t~e parameter penalty criterion) with 

l2i···· vector of prior parameter estimates 

Ri vector of computed parameters 

Yi ••• spatial cross-correlation matrix for 

prior estimation errors of log-

transmissivities 

The A's govern the contribution of the various parameter type 

criteria to the overall estimation criterion. An increase in 

a specific Ai causes the estimated values of the i-th parameter 

type to remain closer to their prior estimates. 

The overall criterion is minimized iteratively by 

conjugate gradients or other non1inear optimization methods. 

More details about the algorithm can be found in Carrera and 

Neuman (1986a). 

A finite-element grid was constructed for the inverse 

model with 202 elements and 121 nodes (Fig. 33). The lower 

outer boundary is defined as prescribed head, with the 

hydraulic heads at unknown locations determined by kriging. 

The upper boundary is located at the estimated position of the 

water table, and specified as a prescribed-head boundary with 

the total head equal to the elevation. Similarily the 

perimeter of the horizontal drift is defined as a prescribed 
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head boundary, with hydraulic head equal to elevation to 

represent the atmospheric pressure in the drift. Thirty-five 

hydraulic head measurement locations are used as observation 

points. The simulation is performed in a vertical slab having 

a uniform thickness of one meter. The measured flow rate into 

the drift was used as a calibration criterion. The flow rate 

was treated as an unknown parameter and estimated in such a 

way that the hydraulic heads along the drift perimeter had the 

correct values. 

In the first simulation a uniform hydraulic conductivity 

of 1.56E-03 m/d was assigned to all the elements in the grid. 

This is the overall uniform hydraulic conductivity determined 

for the site by Cacas et al. (1990a). It corresponds closely 

to the slightly smaller result from out inverse program, 

namely 1.45E-03 m/d. A negligibly small rate of downward flow 

was calculated across the upper water table boundary. The 

computed flow rate into the drift was 0.018 m3/d which is 

close to the measured average (along the drift) of 0.03 m3/d. 

The minimum value of the estimation criterion was quite large, 

due to a large value of the model fit criterion. The head 

residual had a mean of -0.027 m and a maximum of -7.9 m. This 

means that the absolute differences between computed and 

observed hydraulic heads were large. The spatial distribution 

of these head differences is shown by circles having a size 

proportional to the head difference in Fig. 34, and by 

contours in Fig. 35. Positive residuals prevail on the right 
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and negative residuals on the left side of the study area, 

implying a systematic error in the uniform hydraulic 

conductivity model. The conclusion can be drawn that a uniform 

hydraulic conductivity reproduces well the net flow rate into 

th~. drift, but not the manner in which the flow and heads are 

distributed within the study plane. To reproduce the latter on 

a local scale comparable to thqt of the measurement interval, 

a higher spatial resolution of the model hydraulic 

conductivity is required. 

To help reduce the above systematic left-to-right error 

variation, we subdivide the study plane into three zones with 

different hydraulic conductivities as shown in Fig. 36. This 

zonation has been guided in part by the results of indicator 

kriging. Zone 2, for example, coincides approximately with an 

area where there is a low estimated probability (approximately 

5 - 25 %) that the hydraulic conductivity exceeds the first 

cutoff. In the inverse model the prior estimate of hydraulic 

conductivity for zone II was set equal to the detection limit, 

and the value computed falls well below this limit. The prior 

estimates and calculated hydraulic conductivities are listed 

in Table 3. 

Increasing model resolution through the introduction of 

these three seperate zones has led to a significant reduction 

in the magnitude of the model-fit criterion. The spatial 

distribution of the corresponding head residuals is shown in 

Figs. 37 and 38. Not only has there been a significant 



ZONE PRIOR ESTIMATES CALCULATED VALUES 

I 5.4E-03 1.SE-03 

II 7.0E-05 1.0E-06 

III 4.SE-03 4.SE-03 

Table 3: Prior estimates and calculated values of 

hydraulic conductivity (in m/d). 
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decrease in the difference between observed and simulated 

heads at most observation points, but the left-to-right bias 

is now much less pronounced. Further refinement into a larger 

number of zones could bring about additional improvement. It 

is quite evident that the observed steady-state flow and head 

distribution can be reproduced with acceptable accuracy by 

means of a continuum model that is in rough agreement with the 

packer test data and does not at all consider the available 

information about fracture geometry. A more refined continuum 

model, coupled with the above inverse approach, might be in 

closer agreement with the packer results. We, however, pursue 

below an alternative approach, namely conditional stochastic 

simulation, to achieve a similar result. 

Fitting a normal distribution with a mean of -17.3 and a 

variance of 9.6 to the log-transformed data above the 

detection limit allows the claculation of an effective 

hydraulic conductivity using formulas of a linearized 

stochastic continuum theory (Gutjahr et al. 1978). For two-
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dimensional data the effective hydraulic conductivity is the 

geometric mean Kg of the data, and for three-dimensional data 

the effective hydraulic conductivity is 

with 

a 2 variance of lnK 
y 

Kg •••• geometric mean of K 

For the Fanay-Augeres data the geometric mean of the local 

hydraulic conductivities is 2.51E-08 m/s. The above formula, 

valid only for a\<<1, yields an effective hydraulic 

conductivity of 6.53E-08 m/s. The geometric mean is close to 

the effective hydraulic conductivity of a equivalent 

homogeneous porous medium determined by the two-dimensional 

inverse model (1.5E-08 m/s). The small difference may be due 

to the effect of reduction of dimensionality on the resulting 

head field, to the fact that the result of the above formula 

for parallel flow conditions is compared to an effective 

hydraulic conductivity for radial flow conditions and/or to 

the neglect of data below the detection limit. 

9. STOCHASTIC SIMULATION 

In stochastic simulation one generates high resolution 

realizations of a stochastic process such that each 
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realization (set of generated values) has the same probability 

of occurence. The realizations represent a hypothetical 

ensemble (population) which has statistical properties 

inferred from measurements, usually on the basis of 

st~tionarity and ergodicity assumptions. These properties 

typically involve a univariate probability distribution (most 

often normal or log-normal) and the first two ensemble 

moments, including spatial covariance (or variogram) 

structure. 

9.1. CONDITIONAL STOCHASTIC SIMULATION 

In unconditional simulations, only the statistics are 

preserved. In conditional simulations, not only the statistics 

but also the actual measured values are preserved in each 

realization. Simulated fields are generally less smooth than 

kriged fields. The measured and simulated values are assumed 

to derive from the same population but whereas the former are 

given only at selected points, the latter are given at each 

point on a fine grid. 

Upon computing heads and fluxes deterministically for 

each realization by means of a numerical model, one can 

analyze the results statistically to obtain their conditional 

statistics (histogram, mean, variance, etc.). These can be 

compared with independent measurements of heads and fluxes 

(measurements not used for conditioning) to test how "good" 

the model is. Statistically based inverse models such as that 



70 

of Carrera and Neuman (1986a) allow conditioning not only on 

measurements of hydraulic conductivity (or other parameters) 

but also on heads and fluxes (see Clifton and Neuman, 1982). 

Since kriging is aimed at providing the best linear 

unbiased estimate (BLUE) at a specific location (best in the 

sense of minimum variance of the error of estimation), it 

provides a single estimate of a stochastic process which has 

the maximum possible local reliability. Importing the kriged 

field into a deterministic numerical model will result in a 

single set of values of the dependent variable, e.g. hydraulic 

head. Thus the uncertainty in the response of the numerical 

model, due to the uncertainty in the input, cannot readily be 

evaluated. The uncertainty in the determination of the input 

is a consequence of spatial variability. 

On the other hand, conditional simulation produces many 

"correct" (see previous Chapter) realizations of a stochastic 

process in which the variability of the actual data set is 

maintained. The difference between realizations is a measure 

of the uncertainty about the actual distribution. Although a 

set of estimates may not possess local accuracy, it possesses 

the "correct", i.e. observed, spatial structure. 

Conditional simulation can also be applied to a 

phenomenon that is a mixture of different physical and/or 

statistical populations, such as geologic parameters from two 

different geologic facies. In this case, Deutsch and Journel 

(1992) recommend the use of a two-step approach to simulation. 
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In the first step the geometry of the mixture, and in the 

second step the attribute within each homogeneous population, 

are simulated. An application of the two-step approach can be 

found in Journel and Isaaks (1984). 

Freeze (1975) uses unconditional simulation to analyze 

the effects of stochastic parameter distributions on predicted 

hydraulic heads for one-dimensional ground-water flow in non

uniform homogeneous media. Smith and Schwartz (1981c) 

investigate the dependance of uncertainties in transport 

predictions on the uncertainty in the spatial variability of 

hydraulic conductivity. They generate conditional realizations 

of a hydraulic conductivity field from different numbers of 

samples which are taken from a hypothetical aquifer. Clifton 

and Neuman (1982) apply unconditional and conditional 

simulation to transmissivity data, in order to study the 

effect on the variance of computed hydraulic heads. Journel 

and Isaaks (1984) apply the concept of conditional simulation 

to indicator-transformed mineralization phases, and to 

ore-grade values from a Uranium deposit in Saskatchewan. 

9.2. CONDITIONAL SIMULATION BY SEQUENTIAL INDICATOR 

METHOD 

Sequential simulation is a method of conditional 

simulation, in which both data and previously simulated values 

within a specified search neighborhood are considered during 
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cumulative 

distribution functions, required for each node on a regular 

grid, can be determined directly by indicator kriging. 

Whenever a nodal value is simulated, the information set for 

th~ simulation at the next node is updated with the simulated 

value. Thus sequential simulation consists of drawing a value 

from the univariate conditional cumulative distribution 

function at the point to be simulated, and updating the 

information set (n) to (n+l). 

Deutsch and Journel (1992) recommend limiting the number 

of simulated nodes used in the simulation to preserve the 

importance of measured data. Furthermore they recommend that 

grid nodes be visited in a random sequence, in order to avoid 

the spread of artefacts. 

The main differences between sequential indicator 

simulation (Gomez-Hernandez and Srivastava, 1990) and other 

simulation methods, e.g. the turning band method (Montoglou, 

1987), are that 

a. due to its restriction to multinormal fields, only one 

variogram (or covariance) model can be considered in the 

turning band method, 

and 

b. the conditioning of the generated realization in sequential 
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a. honor hard indicator data and hard inequality constraints 

( in our case hydraulic conductivities below the detection 

limit) used for conditioning through indicator kriging, 

b. honor the histogram (proportion of l's and O's) because 

ordinary indicator kriging is an unbiased estimator, 

and 

c. honor the variogram, because one of the properties of 

ordinary kriging is that a sample drawn at random from the 

estimated cumulative distribution function will possess the 

same spatial correlation as the conditioning data. 

The most important difference is that indicator methods can 

include ancillary information. 

After having estimated the conditional cumulative 

distribution function, a uniform random number pro is drawn for 

simulation 1, such that 

pW E [0,1] 

Then the pro-quantile is retrieved, according to 

z <1> {x) = 4>• -1 (x; p c1>) 

such that 

4>•(x;zW (x)) = pCl> 

The newly simulated value is included in the conditioning set, 
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and the simulation proceeds to the next grid node, until 

values at all nodes have been simulated and a stochastic 

realization has been generated (Deutsch and Journel, 1992). 

9.4. APPLICATION OF SEQUENTIAL INDICATOR SIMULATION 

Sequential indicator simulation based on the median 

indicator kriging approach is used in this thesis to generate 

multiple stochastic realizations of the hydraulic conductivity 

field. These realizations are then used as input into a 

deterministic flow model. 

Twenty realizations are generated and analyzed with 

respect to their spatial and statistical properties. The 

simulated values are defined on the same regular grid that was 

previously used for indicator kriging. To test if the number 

of generated realizations is large enough to be statistically 

representative, the mean and variance of simulated hydraulic 

conductivities is plotted versus the number of realizations 

for selected grid points in Fig. 39. Both mean and variance 

stabilize after about 15 realizations. 

Two of the hydraulic conductivity realizations are shown 

in Figs. 40a and 40b. In these (as in others) the full 

variability of the measured hydraulic conductivities is 

preserved, and even amplified. Whereas the sampled data do not 

fall below the detection limit, many of the simulated values 

do. This is due to the extrapolation of the estimated 

cumulative probabilities below the first cutoff value as 
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discussed in Chapter 6.1.2. 

The histograms of these two realizations (Figs. 41 and 

42) show bimodal distributions as do the sampled data. This 

similarity is one of the properties of the results of 

indicator stochastic simulation. Even the slight positive 

skewness of the sampled data is preserved. The only difference 

between the original and simulated histograms is the wider 

spread (tail) of the latter below the detection limit. 

The quantile-quantile plots in Figs. 43 and 44 show a 

very good agreement between the measured and simulated 

distributions everywhere except at and below the detection 

limit. 

The spatial distribution of the mean and variance of all 

the hydraulic conductivity realizations are shown in Figs. 45 

and 46, respectively. The mean of the twenty realizations is 

very similar to the E-type estimate of indicator kriging. This 

is another indication that twenty realizations are enough for 

a meaningful statistical analysis. 

To check if the spatial correlation structure of the 

sample data had indeed been preserved, as the construction of 

the simulation algorithm requires, the simulated median 

indicator sample variograms were plotted together with the 

corresponding theoretical variogram model in Fig. 47. All the 

sample variograms of simulated values show a satisfactory fit 

with the theoretical model. Comparing the average of twenty 

sample variograms with the theoretical variogram in Fig. 48 
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shows that the two are quite similar. Only at large lag

distances is there a slight deviation between the two 

variograms. From this match it can again be concluded that the 

number of realizations, although relatively small, is large 

en~ugh to comply with the requirements on the average (over 

the generated realizations) of the spatial correlation 

structures. 

Selected realizations can be used for further numerical 

simulation. The choice of which realizations to select can be 

based on various criteria. One possibiity is to determine the 

quality of fit of the spatial correlation structure, and to 

choose the simulations that show the "best" fit. As the 

statistics of the sample is not that of the population, this 

choice is somewhat arbitrary. In order to preserve the 

uncertainty in the spatial distribution of hydraulic 

conductivity, a large enough number of realizations should be 

retained for numerical flow modelling. The realizations with 

the "best" fit sample variograms could be used as input to a 

deterministic flow model. 

Another selection criterion which is based on the 

performance of the flow system is proposed by Journel (1989). 

'simple' replacement transfer functions (RTF) are used to 

determine the realizations which lead to the shortest, the 

longest, and the mean contaminant travel time. Then the 

'complex' transfer function, e.g. a deterministic groundwater 

flow and transport model, can be applied to the selected 
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realizations to determine the envelope curves of the response 

distribution (Teutsch, 1990). 

In a fractured geologic medium flow is essentially 

governed by the spatial connectivity of high (flow paths) and 

low (barriers) conductivities. Numerical simulations can 

reproduce results from field experiments, in that simulated 

particle breakthrough curves indicate the existence of 

preferrential flow paths (e.g. Nordquist et al., 1992). The 

very first peak on multimodal breakthrough curves, 

considerably earlier than the mean value, represents the so

called "extreme channeling" effect, where particles travel at 

relatively high velocities along high-conductivity flow paths 

with only a small amount of dispersion. The spatial 

distribution of such channels and its correct reproduction in 

generated stochastic realizations is thus of utmost importance 

for the investigation of transport processes. Cacas et al. 

( 1990b) recognize the existance of channels at the Fanay-

Augeres test site. Simulation of tracer injection tests showed 

that the tracer particles " •.• concentrate in a few paths 

thus creating a low-density network of transport-contributive 

paths". This large-scale channeling phenomenon has also been 

observed by Cacas et al. (1990b) in situ on the concentration 

profile which shows the discontinuity of the tracer outlet 

along the drift. 

To better detect a possible existence of such high

conductivity channels and low-conductivity barriers, and, 
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thus, support results from the indicator analysis, a bi-

variate non-centered covariance function (Journel and Alabert, 

1989) can be defined as 

F(z, z 1, s) = E {I(x, z) x I(x+s, z 1)} 

and, as a connectivity function for the case z = z' = zc, can 

be inferred from 

where 

1 ~ i(x,zc> x i(x+s,zc>, 
N( s) L..J 

N(s) ... number of pairs 

\:/xEA 

and is the proportion of pairs within an area A, such that 

z(x), z(x+s) ~ zc, with zc being a small cutoff-value of log 

hydraulic conductivity. The connectivity function is thus the 

joint probability that, at two locations a distances apart, 

the variable z does not exceed the specified cutoff value. 

Let 

where 



(i, 
lo, 

z (x) >-z~ 

z(x) ~z~ 
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be the measure of connectivity between values of z (x) and 

z(x+s) higher than zc', with zc' being a high cutoff-value. The 

larger is DA(s,zc'), the higher is the probability that there 

exists a value of z in excess of zc' a distances away from a 

similar value at location x. 

Stochastic realizations that are based on a single 

covariance function C(h) or, equivalently, a single variogram, 

do not reproduce the spatial connectivity of extreme values, 

e.g. F(z,z',s) and D(z,z',s), seperately. The Gaussian random 

function model, for example, is fully determined by a single 

covariance model. Even a normal score transform, such as Y(x) 

= ln Z(x), does not lead to an increase in the degrees of 

freedom for the modeling of seperate covariances F(z,z' ,s) and 

D(z,z' ,s) (Journel, 1989). The indicator formalism, on the 

other hand, allows for the introduction of seperately modeled 

covariance functions. 

Contour plots of the connectivity function versus the 

direction and the magnitude of the offset between two points, 

provide, similar to indicator variograms, a measure of the 

spatial correlation among hydraulic conductivity values. 

Connectivity functions for hydraulic conductivity below the 

first and above the fifth cutoff are plotted versus the offset 
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between two locations for both sampled and simulated data in 

Figs. 51 through 60. At the center of each plot (no offset), 

the value of the connectivity function is equal to the 

proportion of data below and above the respective cutoffs (28 

% and 19 %, respectively). With increasing distance from the 

center, i.e., with increasing offsets between two data 

locations, the connectivity measure for high and low values 

decreases. 

The plotted connectivity functions do not show any marked 

anisotropy (preferential direction of connectivity) for either 

cutoffs. A slight anisotropy for small offset-values is 

however observed on most plots and is most pronounced in the 

sampled data and in simulation #1. Results for the 

connectivity of sampled data have to be viewed with caution, 

as the tolerance on the direction of the offset vector and on 

the separation distance, and the bandwith, had to be chosen 

larger than for the simulations, in order to have a sufficient 

number of pairs available in each direction-distance class. 

If a numerical transport model, with the generated 

realizations as input, was to be used, those realizations that 

show the highest and lowest connectivity of large hydraulic 

conductivities in the flow direction could be used to 

determine the upper and lower limit of response of the 

numerical model (e.g. breakthrough curves). As transport 

processes are not considered in this study, all the generated 

stochastic realizations will be used as input into a numerical 
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flow model, in order to preserve the full range of uncertainty 

in the unknown value of hydraulic conductivity at unsampled 

locations. 

10 .. FLOW SIMULATIONS 

A finite element numerical model (Jones, 1993) was used 

to simulate steady-state flow in a nearly rectangular vertical 

cross-section of the saturated zone (fig. 61) beneath the 

water table. Each grid cell was assigned a hydraulic 

conductivity which varied from one simulation to another. The 

fractured rock is thus modeled as a continuum at a high degree 

of spatial resolution, with small-scale heterogeneity 

represented in some detail. 

Dirichlet-type boundary conditions are prescribed at all 

boundaries and are the same for all simulations. Along the 

water table (the position of which had been estimated by 

kriging) and the perimeter of the central drift, hydraulic 

heads are set equal to the elevation of each grid node. 

Prescribed hydraulic heads at all remaining boundaries are 

those determined earlier by kriging. Due to a scarcity of 

information, accuracy of these boundary conditions is 

uncertain, as indicated by the corresponding kriging errors. 

The only boundary condition known with certainty is that along 

the perimeter of the drift. 

Twenty flow simulations were performed, using twenty 

different hydraulic conductivity realizations. The resulting 
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spatial distributions of hydraulic heads are shown for four 

selected simulations in Figs. 62 through 65. As dictated by 

the boundary conditions, flow is generally directed toward the 

central drift and toward the lower right boundary. Parts of 

the flow fields show relatively steep hydraulic head 

gradients. One of the areas with a steep head gradient is 

located in the lower left quadrangle and coincides with an 

area for which indicator kriging gives a low probability of 

encountering hydraulic conductivities above the lowest cutoff. 

The head configuration near the boundaries is quite similar 

for all the simulations, due to the strong constraint imposed 

by prescribed heads, but less so farther from the boundaries. 

The pointwise mean and variance of the twenty simulated heads 

are plotted in Figs. 66 and 67. The variance increases from 

zero at the boundaries to a maximum of about 8. o m2 • The 

difference between the observed heads and mean simulated heads 

is shown in Fig. 68. The spatial distribution of head 

residuals is similar to those resulting from the inverse 

model. Fig. 69 is a scatterplot of observed versus mean 

simulated heads. 

Figs. 70 and 71 show histograms of simulated heads for 

two grid nodes, #419 at x=-46.1 m and z=-4.77 m inside an 

area of low variance ( ~ 2.0 m2), and #1140 at x=-14.1 m and 

z=-34.77 min an area of high variance ( ~ 6.0 m2). Both nodes 

are located about 8.0 m from the boundary. 

The simulated flow rates into the central drift are 
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generally higher than the measured inflow rates. The histogram 

of natural logs of simulated inflow rates ( in m3/d over the 

100 meter long drift) has a mean of 3.19, a variance of 1.8, 

and is positively skewed (fig. 72). The minimum value is 2.52 

m3
/~, quite close to the measured rate 3.52 m3/d. The maximum 

simulated value is 324.6 m3/d which is clearly too high. The 

broad range of simulated inflow rates can be attributed to the 

variability of hydraulic conductivity between the simulations. 

It should be noted, however, that the simulated inflow rates 

are calculated for a vertical profile with a thickness of one 

meter and then multiplied by 100 to get the total inflow rate 

over the length of the drift. On the other hand, the measured 

inflow rate is the total rate over the length of the drift, 

with the exact amounts of local inflow remaining unknown. 

The mean of hydraulic conductivities of the 20 

realizations was used as input in an additional flow 

simulation. The calculated inflow rate into the drift is 228.2 

m3 /day, considerably larger than the mean simulated inflow 

rate (24. 3 m3/d) and the measured rate. The contours of 

simulated hydraulic heads are shown in Fig. 75 and the 

contours of head residuals in Fig. 76. The corresponding 

scatterplot of observed versus simulated heads is shown in 

Fig. 77. 

Figs. 78 through 81 show contours and scatterplots of the 

head residuals for simulations #3 and #13. These are the two 

simulations that result in the smallest sum of head residuals 
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which is on the order of head residuals of the inverse model 

using 3 different hydraulic conductivity zones. The inflow 

rates are 2. 96 m3 /day for simulation #3 and 6. 63 m3 /day for 

simulation #13 and, thus, on the order of the measured total 

inflow rate. The largest head residuals for both simulations, 

and for the ones mentioned earlier, occur to the lower left of 

the drift in boreholes #3 and #10. Both the inaccuracy in the 

head field due to the neglect of the third dimension and the 

use of simulated hydraulic conductivities that are too low 

could be responsible for the maximum head residuals. The head 

residuals for simulation #3 have a mean of -1. 056 m, a 

variance of 11.5 m2 , and a maximum of -9.1 m. For simulation 

#13 the mean is -1. 45 m, the variance is 13. 9 m2
, and the 

maximum is -10.8 m. Treating the residuals below -4.0 mas 

outliers, the mean and variance of the head residuals for 

simulation #13 reduce to 0.35 m and 2.6 m2
, respectively. 

11. SUMMARY AND CONCLUSIONS 

This thesis presents an application of geostatistical 

concepts to the analysis of two-dimensional steady state flow 

in a fractured granitic rock. From available data, information 

about the spatial distribution of hydraulic conductivities and 

hydraulic heads has been extracted. Input parameters for a 

numerical flow model, and corresponding boundary conditions, 

have been derived. These parameters and boundary conditions 

were used in flow simulations which treat the fractured rock 
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as a strongly heterogeneous continuum. 

The data consist of measured hydraulic heads, hydraulic 

conductivities, and flow rates. The measured hydraulic 

conductivities are viewed as random scalars representing a 

stochastic process. As almost 30 % of the measurements yielded 

values below the detection limit of the measurement device, 

indicator analysis has been employed in addition to standard 

geostatistical analysis of the log-transformed hydraulic 

conductivities. Indicator analysis entails a non-linear 

transformation of the original data into binary indicator 

values. The variogram models of log-transformed hydraulic 

conductivities indicate a spatial correlation on a scale 

larger than has been determined by Cacas et al. (1990a) as the 

punctual scale of a fracture network REV. 

The indicator data were viewed as being represetative of 

a continuum. Indicator variogram models were determined, and 

median indicator kriging was performed. Indicator kriging does 

not yield an estimate of the indicator variable, but an 

estimate of the cumulative distribution function of the 

original variable at any ungauged point of interest. The 

indicator approach has the advantages that no prior 

assumptions about the distribution of the original data are 

required, the spatial correlation of extreme values of 

hydraulic conductivity can be modeled seperately, and har and 

ancillary information can be evaluated jointly. This last 

point emphasizes the possibility of increasing the information 
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content of an experimental site by using relatively 

inexpensive geophysical methods. 

To preserve the full variability of hydraulic 

conductivity and to account for its uncertainty at unsampled 

lo~ations, multiple equally likely stochastic realizations of 

its spatial distribution were generated. This was done by 

means of conditional indicator simulation that uses an 

algorithm based on sequential indicator kriging. The resulting 

sets of hydraulic conductivities are conditioned on the 

available observations and are less smooth than kriged 

results. Each set consists of 2068 grid cells of 2 m x 2 m. 

Each grid cell is assigned a value of hydraulic conductivity 

which can differ by orders of magnitude from values in 

adjacent cells. Thus a highly heterogeneous medium is 

generated, in which extensive fractures may be represented by 

connected cells of large hydraulic conductivities. Strings of 

low-hydraulic-conductivity cells are corresponding flow 

barriers. The approach allows simulating flow in a fractured 

medium without having to transform geometric information into 

hydrologic model parameters. 

From the results of an inverse flow model it can be 

concluded that flow into the local drift is represented well 

by an equivalent homogeneous porous medium, but the internal 

head and flow distribution are not well represented. The 

representation improves drastically when the hydraulic 

conductivity is allowed to vary across the continuum flow 
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domain. 

Twenty different stochastic realizations of hydraulic 

conductivity were generated for input into a numerical flow 

model. The response of the flow model (hydraulic heads, inflow 

into drift) were analyzed statistically. Flow rates into the 

drift are generally higher than the measured rates, but some 

of the simulations produced a flow rate close to the one 

observed. The simulated hydraulic head fields show the largest 

deviation from the observed head field in a well defined area 

to the lower left of the drift. The large deviations are 

attributed to an uncertainty in the observed head field due to 

the neglect of the third dimension. 

The key findings can be summarized as follows: 

1) Indicator transformation of sub-REV small-scale hydraulic 

conductivity data of the fractured rock mass allows analysis 

in the framework of stochastic continuum theory. 

2) Stochastic continuum theory coupled with geostatistical 

concepts yields estimates of the conditional cummulative 

distribution function of hydraulic conductivity at unsampled 

locations, and stochastic realizations of the hydraulic 

conductivity field within the fractured medium can be 

generated without any reference to geometric fracture data. 

3) Flow simulations can be conducted using stochastic 

realizations of the highly variable hydraulic-conductivity 

field and a homogeneous equivalent porous medium model. In 

both cases measured heads and inflow rates can be reproduced 
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with acceptable accuracy. The effective hydraulic conductivity 

of a homogeneous equivalent porous medium is close to the 

geometric mean of hydraulic conductivity measurements from 

small-scale packer tests. 
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APPENDIX A 

FIG. Al: DATA FILE FOR FANAY-AUGERES, HYDRAULIC CONDUCTIVITY 
AND FRACTURE DENSITY 

1o · vARIABLES: 

X METERS G16.9 
y METERS G16.9 
HYDRAULIC-CONDUCTIVITY M/S G16.9 
FRACTURE-DENSITY PER-METER G16.9 
INDICATOR1 G8.1 
INDICATOR2 G8.1 
INDICATOR3 G8.1 
INDICATOR4 G8.1 
INDICATORS G8.1 
INDICATOR6 G8.1 

4.07000000 4.07000000 .200000000E-06 
4.60000000 .o .o .o .o 1. 

1. 
5.83000000 5.83000000 .500000000E-07 

4.60000000 . 0 .o . 0 1. 1. 

1. 
7.42000000 7.42000000 .lOOOOOOOOE-06 

1.50000000 . 0 . 0 . 0 1. 1. 

1. 
9.02000000 9.02000000 .300000000E-07 

5.60000000 . 0 .o 1. 1. 1. 

1. 
10.7800000 10.7800000 .600000000E-07 

4.00000000 . 0 .o . 0 1. 1. 
1. 

12.3700000 12.3700000 .300000000E-07 
5.00000000 .o . 0 1. 1. 1. 
1. 

14.3200000 14.3200000 .200000000E-04 
26.4000000 .0 . 0 . 0 . 0 . 0 
. 0 

17.3200000 17.3200000 .600000000E-05 
7.50000000 .o . 0 .o .0 .o 
1. 

18.9200000 18.9200000 .400000000E-08 
8.40000000 • o 1. 1 • 1. 1. 

1. 
20.6800000 20.6800000 .600000000E-09 



5.60000000 1. 1. 1. 1. 1. 

1. 
22.2700000 22.2700000 .200000000E-07 

2.50000000 . 0 . 0 1. 1. 1. 

1. 
23.6900000 23.6900000 · . 800000000E-09 

1. 40000000 1. 1. 1. 1. 1. 

1. 
24.4000000 24.4000000 .800000000E-09 

1.40000000 1. 1. 1. 1. 1. 

1. 
25.8100000 25.8100000 .800000000E-09 

2.00000000 1. 1. 1. 1. 1. 

1 ~ 
27.2200000 27.2200000 .800000000E-09 

1.20000000 1. 1. 1. 1. 1. 

1. 
27.9300000 27.9300000 .800000000E-09 

.500000000 1. 1. 1. 1. 1. 

1. 
29.3400000 29.3400000 .800000000E-09 

.800000000 1. 1. 1. 1. 1. 
1. 

30.7600000 30.7600000 .800000000E-09 
1. 20000000 1. 1. 1. 1. 1. 

1. 
32.1700000 32.1700000 .800000000E-09 

.400000000 1. 1. 1. 1. 1. 
1. 

33.5900000 33.5900000 .800000000E-09 
2.00000000 1. 1. 1. 1. 1. 
1. 

34.5100000 34.5100000 .800000000E-09 
2.80000000 1. 1. 1. 1. 1. 
1. 

35.5300000 35.5300000 .300000000E-08 
3.60000000 . 0 1. 1. 1. 1. 
1. 

-4.07000000 4.07000000 .500000000E-08 
10.4000000 . 0 1. 1. 1. 1. 
1. 

-5.83000000 5.83000000 .126000000E-07 
16.4000000 . 0 1. 1. 1. 1. 
1. 

-7.42000000 7.42000000 .500000000E-06 
8.20000000 . 0 . 0 . 0 . 0 . 0 
1. 

-9.02000000 9.02000000 .lOOOOOOOOE-07 
6.70000000 .0 1. 1. 1. 1. 
1. 

-10.7800000 10.7800000 .320000000E-07 



6.50000000 . 0 . 0 1. 1. 1. 

1. 
-12.3700000 12.3700000 .lOOOOOOOOE-07 

6.70000000 .o 1. 1. 1. 1. 

1. 
-13.9700000 13.9700000 .790000000E-07 

13.2000000 .o . 0 .0 1. 1. 

1. 
-15.7300000 15.7300000 .800000000E-08 

10.6000000 . 0 1. 1. 1. 1. 

1. 
-17.3200000 17.3200000 .400000000E-08 

3.60000000 . 0 1 . 1. 1. 1. 
1. 

-18.9200000 18.9200000 .126000000E-05 
9.80000000 • 0 . 0 .0 . 0 . 0 
1. 

-20.6800000 20.6800000 .251000000E-06 
12.2000000 . 0 . 0 . 0 . 0 1. 

1. 
-22.2700000 22.2700000 .631000000E-05 

6.00000000 . 0 . 0 . 0 . 0 . 0 
. 0 
-23.8600000 23.8600000 .400000000E-05 

13.0000000 . 0 . 0 . 0 . 0 . 0 
1. 

-25.6300000 25.6300000 .500000000E-06 
27.4000000 . 0 . 0 . 0 . 0 . 0 
1. 

-27.2200000 27.2200000 .lOOOOOOOOE-04 
18.0000000 . 0 . 0 . 0 . 0 . 0 
. 0 
-28.8100000 28.8100000 .lOOOOOOOOE-06 

25.8000000 . 0 . 0 . 0 1. 1. 
1. 

-30.5800000 30.5800000 .500000000E-07 
18.6000000 . 0 . 0 . 0 1. 1. 
1. 

-32.1700000 32.1700000 .800000000E-09 
11.0000000 1. 1. 1. 1. 1. 
1. 

-33.7600000 33.7600000 .600000000E-09 
5.80000000 1. 1. 1. 1. 1. 
1. 

-35.5300000 35.5300000 .400000000E-08 
6.70000000 .o 1. 1. 1. 1. 

1. 
-4.07000000 -4.07000000 .600000000E-09 

11.0000000 1. 1. 1. 1. 1. 
1. 

-5.83000000 -5.83000000 .400000000E-06 



4.60000000 . 0 .0 . 0 . 0 1. 

1. 
-7.42000000 -7.42000000 .700000000E-08 

8.00000000 . 0 1. 1. 1. 1. 

1. 
-9.02000000 -9.02000000 .700000000E-07 

17.6000000 . 0 . 0 .0 1 . 1. 

1. 
-10.7800000 -10.7800000 .400000000E-07 

8.00000000 . 0 .o 1. 1. 1. 

1. 
-12.3700000 -12.3700000 .500000000E-07 

23.5000000 .o . 0 . 0 1. 1. 

1. 
-13.9700000 -13.9700000 .600000000E-09 

18.4000000 1. 1. 1. 1. 1. 

1. 
-15.7300000 -15.7300000 .600000000E-09 

18.0000000 1. 1. 1. 1. 1. 

1. 
-17.3200000 -17.3200000 .500000000E-06 

22.0000000 . 0 . 0 . 0 . 0 . 0 
1. 

-18.9200000 -18.9200000 .500000000E-06 
7.60000000 . 0 . 0 . 0 . 0 . 0 

1. 
-20.6800000 -20.6800000 .400000000E-06 

6.00000000 . 0 . 0 . 0 . 0 1. 

1. 
-22.2700000 -22.2700000 .300000000E-05 

5.50000000 . 0 . 0 . 0 . 0 . 0 
1. 

-23.8600000 -23.8600000 .200000000E-05 
10.4000000 . 0 . 0 . 0 . 0 . 0 
1. 

-25.6300000 -25.6300000 .200000000E-05 
18.4000000 . 0 . 0 . 0 . 0 . 0 
1. 

-27.2200000 -27.2200000 .200000000E-06 
6.50000000 . 0 . 0 . 0 . 0 1. 
1. 

-28.8100000 -28.8100000 .700000000E-05 
17.6000000 . 0 . 0 . 0 . 0 . 0 
. 0 
-30.5800000 -30.5800000 .lOOOOOOOOE-04 

20.8000000 . 0 . 0 . 0 . 0 . 0 
. 0 
-32.1700000 -32.1700000 .900000000E-06 

5.50000000 .o • 0 . 0 . 0 . 0 

1. 
-33.7600000 -33.7600000 .500000000E-05 



16.4000000 . 0 . . 0 . 0 . 0 . 0 

1. 
-35.5300000 -35.5300000 .400000000E-06 

8.00000000 . 0 .o . 0 . 0 1. 

1. 
4.07000000 -4.07000000 .200000000E-07 

3.80000000 . 0 . 0 1. 1. 1. 

1. 
5.83000000 -5.83000000 .600000000E-09 

5.80000000 1. 1. 1. 1. 1. 

1. 
7.42000000 -7.42000000 .lOOOOOOOOE-05 

3.50000000 .0 .o . 0 . 0 .o 
1. 

9.02000000 -9.02000000 .400000000E-04 
3.20000000 .o . 0 . 0 . 0 . 0 
. 0 

10.7800000 -10.7800000 .600000000E-05 
4.80000000 . 0 . 0 . 0 . 0 . 0 
1. 

12.3700000 -12.3700000 .400000000E-06 
3.50000000 . 0 . 0 . 0 . 0 1. 

1. 
13.9700000 -13.9700000 .200000000E-06 

6.20000000 . 0 . 0 . 0 . 0 1. 

1. 
15.7300000 -15.7300000 .JOOOOOOOOE-08 

1.40000000 . 0 1. 1. 1. 1. 

1. 
17.3200000 -17.3200000 .lOOOOOOOOE-07 

5.50000000 . 0 1. 1. 1. 1. 

1. 
18.9200000 -18.9200000 .200000000E-07 

5.80000000 . 0 . 0 1. 1. 1. 

1. 
20.6800000 -20.6800000 .JOOOOOOOOE-08 

5.00000000 . 0 1. 1. 1. 1. 

1. 
22.2700000 -22.2700000 .lOOOOOOOOE-07 

4.00000000 .o 1. 1. 1. 1. 
1. 

23.8600000 -23.8600000 .200000000E-07 
5.80000000 .o . 0 1. 1. 1. 
1. 

25.6300000 -25.6300000 .700000000E-08 
4.60000000 . 0 1. 1. 1. 1. 

1. 
27.2200000 -27.2200000 .200000000E-07 

7.00000000 .o . 0 1. 1. 1. 
1. 

28.8100000 -28.8100000 .500000000E-07 



3.80000000 . 0 . 0 . 0 1. 1. 

1. 
30.5800000 -30.5800000 .600000000E-09 

8.20000000 1. 1. 1. 1. 1. 

1. 
32.1700000 -32.1700000 .300000000E-07 

30.0000000 . 0 . 0 1. 1. 1. 

1. 
33.7600000 -33.7600000 .700000000E-08 

12.4000000 . 0 1. 1. 1. 1. 

1. 
35.5300000 -35.5300000 .600000000E-09 

18.0000000 1. 1. 1. 1. 1. 
1. 

1. 97000000 5.40000000 .200000000E-06 
20.0000000 . 0 .0 . 0 .o 1 . 
1. 

2.82000000 7.75000000 .200000000E-06 
11.2000000 . 0 . 0 . 0 . 0 1. 

1. 
3.59000000 9.87000000 .800000000E-09 

7.50000000 1. 1. 1. 1. 1. 

1. 
4.36000000 11.9800000 .200000000E-06 

5.80000000 . 0 . 0 . 0 . 0 1. 
1. 

5.22000000 14.3300000 .300000000E-05 
11.8000000 . 0 . 0 . 0 . 0 . 0 
1. 

5.99000000 16.4400000 .700000000E-06 
10.5000000 . 0 . 0 . 0 . 0 . 0 
1. 

6.75000000 18.5600000 .600000000E-06 
6.00000000 . 0 . 0 .o . 0 . 0 
1. 

7.61000000 20.9100000 .600000000E-09 
7.20000000 1. 1. 1. 1. 1. 

1. 
8.38000000 23.0200000 .800000000E-09 

9.50000000 1. 1. 1. 1. 1. 

1. 
9.15000000 25.1400000 .lOOOOOOOOE-04 

25.8000000 . 0 . 0 . 0 .o .0 
. 0 

10.0000000 27.4900000 .700000000E-07 
11.0000000 .o . 0 . 0 1. 1 . 
1. 

15.5600000 42.7600000 .800000000E-09 
5.00000000 1. 1. 1. 1. 1. 

1. 
17.1900000 47.2200000 .600000000E-09 



4.40000000 1. 1. 1. 1. 1. 

1. 
-5.73000000 -.500000000 .600000000E-09 

12.0000000 1. 1. 1. 1. 1. 

1. 
-8.22000000 -.720000000 .600000000E-09 

14.8000000 1. 1. 1. 1. 1. 

1. 
-10.4600000 -.920000000 .lOOOOOOOOE-06 

11.0000000 . 0 . 0 . 0 1. 1. 

1. 
-12.7000000 -1.11000000 .700000000E-07 

14.0000000 . 0 . 0 . 0 1. 1. 
1. 

-15.1900000 -1. 33000000 .lOOOOOOOOE-06 
15.6000000 . 0 . 0 . 0 1. 1. 
1. 

-17.4300000 -1.53000000 .200000000E-07 
13.5000000 . 0 . 0 1. 1. 1. 
1. 

-19.6700000 -1. 72000000 .400000000E-05 
21. 6000000 . 0 . 0 . 0 . 0 . 0 
1. 

-22.1700000 -1.94000000 .600000000E-05 
15.8000000 . 0 . 0 . 0 . 0 . 0 
1. 

-24.4100000 -2.14000000 .200000000E-07 
9.00000000 . 0 . 0 1. 1. 1. 
1. 

-26.6500000 -2.33000000 .lOOOOOOOOE-07 
7.60000000 • 0 1. 1. 1. 1. 
1. 
-29.1400000 -2.55000000 .lOOOOOOOOE-07 

12.8000000 . 0 1. 1. 1. 1. 
1. 
-31. 3800000 -2.75000000 .lOOOOOOOOE-05 

14.5000000 . 0 . 0 . 0 . 0 . 0 
1. 

-33.6200000 -2.94000000 .400000000E-06 
12.6000000 . 0 . 0 . 0 . 0 1. 
1. 

-36.1100000 -3.16000000 .600000000E-09 
19.0000000 1. 1. 1. 1. 1. 
1. 

-38.3500000 -3.36000000 .800000000E-09 
13.0000000 1. · 1. 1. 1. 1. 

1. 
-40.5900000 -3.55000000 .500000000E-07 

9.00000000 .o . 0 . 0 1 . 1. 
1. 

-43.0900000 -3.77000000 .600000000E-09 



6.20000000 1. 1. 1. 1. 1. 

1. 
-45.3300000 -3.97000000 .400000000E-08 

12.5000000 . 0 1. 1. 1. 1. 

1. 
-47.5700000 -4.16000000 .600000000E-09 

9.80000000 1. 1. 1. 1. 1. 
1. 

-50.0600000 -4.38000000 .600000000E-09 
16.8000000 1. 1. 1. 1. 1. 

1. 
2.88000000 -4.98000000 .300000000E-07 

22.0000000 • 0 . 0 1. 1. 1. 
1. 

4.13000000 -7.14000000 .800000000E-08 
7.60000000 .o 1. 1. 1. 1. 

1. 
5.25000000 -9.09000000 .900000000E-08 

14.0000000 . 0 1. 1. 1. 1. 

1. 
6.38000000 -11. 0400000 .lOOOOOOOOE-07 

11.0000000 . 0 1. 1. 1. 1. 
1. 

7.63000000 -13.2100000 .JOOOOOOOOE-07 
10.2000000 . 0 . 0 1. 1. 1. 
1. 

8.75000000 -15.1600000 .400000000E-07 
14.5000000 . 0 . 0 1. 1. 1. 
1. 

9.88000000 -17.1000000 .400000000E-07 
9.80000000 . 0 . 0 1. 1. 1. 
1. 

11.1300000 -19.2700000 .100000000E-06 
8.60000000 . 0 . 0 .o 1. 1. 
1. 

12.2500000 -21. 2200000 .300000000E-07 
10.5000000 .o .0 1. 1. 1. 
1. 

13.3800000 -23.1700000 .200000000E-07 
11.2000000 . 0 . 0 1. 1. 1. 
1. 

14.6300000 -25.3300000 .300000000E-07 
20.8000000 . 0 . 0 1. 1. 1. 
1. 

15.7500000 -27.2800000 .lOOOOOOOOE-06 
18.5000000 . 0 . 0 . 0 1. 1. 
1. 

16.8800000 -29.2300000 .200000000E-06 
21.0000000 .0 . 0 .0 . 0 1. 
1. 

18.1300000 -31. 3900000 .JOOOOOOOOE-07 



12.2000000 . 0 . 0 1. 1. 1. 

1. 
19.2500000 -33.3400000 .500000000E-07 

11.0000000 .0 . 0 . 0 1. 1. 

1. 
20.3800000 -35.2900000 .900000000E-07 

12.8000000 . 0 . 0 . 0 1. 1. 

1. 
21. 6300000 -37.4600000 .600000000E-06 

8.80000000 . 0 . 0 . 0 . 0 . 0 

1. 
22.7500000 -39.4000000 .600000000E-06 

14.0000000 .0 . 0 .0 .o . 0 

1. 
23.8800000 -41. 3500000 .300000000E-06 

11.0000000 .o . 0 . 0 . 0 1. 

1. 
25.1300000 -43.5200000 .200000000E-06 

18.6000000 . 0 . 0 . 0 . 0 1 . 

1. 
5.21000000 -2.43000000 .600000000E-09 

3.40000000 1. 1. 1. 1. 1. 
1. 

7.48000000 -3.49000000 .600000000E-07 
3.40000000 . 0 . 0 . 0 1. 1. 
1. 

9.52000000 -4.44000000 .300000000E-06 
5.00000000 . 0 . 0 . 0 . 0 1. 
1. 

11. 5600000 -5.39000000 .600000000E-07 
4.80000000 . 0 . 0 . 0 1. 1. 

1. 
13.8200000 -6.44000000 .600000000E-09 

8.40000000 1. 1. 1. 1. 1. 
1. 

15.8600000 -7.40000000 .800000000E-09 
4.00000000 1. 1. 1. 1. 1. 

1. 
17.9000000 -8.35000000 . 600000000E-07 

3.60000000 . 0 .0 . 0 1. 1. 

1. 
20.1700000 -9.40000000 .lOOOOOOOOE-05 

5.60000000 . 0 . 0 . 0 . 0 . 0 
1. 

22.2000000 -10.3500000 .200000000E-06 
3.50000000 • 0 . 0 .o . 0 1 . 

1. 
26.5100000 -12.3600000 .600000000E-09 

1.40000000 1. 1. 1. 1. 1. 

1. 
30.5900000 -14.2600000 .600000000E-09 



13.8000000 1. 1. 1. 1. 1. 

1. 
-2.61000000 -5.12000000 .200000000E-06 

12.6000000 .0 . 0 .o . 0 1. 

1. 
-3.75000000 -7.35000000 ~200000000E-06 

11.8000000 .o . 0 .o . 0 1 . 

1. 
-4.77000000 -9.36000000 .lOOOOOOOOE-06 

10.0000000 .0 . 0 . 0 1. 1. 

1. 
-5.79000000 -11.3600000 .lOOOOOOOOE-06 

8.40000000 . 0 . 0 .o 1. 1. 
1. 

-6.92000000 -13.5900000 .600000000E-09 
10.4000000 1. 1. 1. 1. 1. 
1. 

-7.94000000 -15.5900000 .800000000E-09 
10.0000000 1. 1. 1. 1. 1. 
1. 

-8.97000000 -17.6000000 .600000000E-09 
13.6000000 1. 1. 1. 1. 1. 
1. 

-10.1000000 -19.8200000 .600000000E-09 
6.80000000 1. 1. 1. 1. 1. 

1. 
-11.1200000 -21. 8300000 .800000000E-09 

8.00000000 1. 1. 1. 1. 1. 

1. 
-12.1400000 -23.8300000 .600000000E-09 

6.00000000 1. 1. 1. 1. 1. 

1. 
-13.2800000 -26.0600000 .lOOOOOOOOE-06 

8.40000000 . 0 . 0 . 0 1. 1. 
1. 

-14.3000000 -28.0700000 .200000000E-06 
5.50000000 . 0 . 0 . 0 . 0 1. 
1. 

-15.3200000 -30.0700000 .lOOOOOOOOE-04 
7.20000000 . 0 . 0 . 0 . 0 . 0 
. 0 
-16.4600000 -32.3000000 .600000000E-07 

8.40000000 . 0 . 0 . 0 1. 1. 
1. 

-17.4800000 -34.3000000 .800000000E-09 
4.00000000 1. 1. 1. 1. 1. 
1. 
-18.5000000 -36.3100000 .500000000E-06 

13.0000000 . 0 . 0 .o .o . 0 
1. 

-19.6400000 -38.5400000 .300000000E-06 



16.2000000 . 0 . 0 . 0 . 0 1. 

1. 
-20.6600000 -40.5400000 .800000000E-09 

14.5000000 1. 1. 1. 1. 1. 

1. 
-21.6800000 -42.5500000 .400000000E-07 

12.2000000 . 0 • 0 1. 1. 1. 

1. 
-2-2. 8100000 -44.7700000 .600000000E-09 

7.80000000 1. 1. 1. 1. 1. 

1. 



FIG. A2: DATA FILE FANAY-AUGERES, PRESSURE HEADS AND HYDRAULIC 
HEADS 

4 VARIABLES: 

X METERS 
Y METERS 
PRESSURE-HEAD 
HYDRAULIC-HEAD 

4.98000000 
5.25000000 

9.93000000 
10.7300000 

19.8000000 
20.5100000 

34.7100000 
34.9100000 

-4.96000000 
7.15000000 

-9.92000000 
10.2500000 

-14.8800000 
14.8400000 

-19.8300000 
19.7900000 

-24.7800000 
24.7600000 
-29.7300000 

29.8200000 
-34.6900000 

34.6400000 
-4.97000000 

9.46000000 
-9.92000000 

7.44000000 
-14.8800000 

13.8300000 
-19.8300000 

14.5000000 
-24.7600000 

14.8300000 
-29.7100000 

15.2500000 
-34.7100000 

15.3000000 
4.97000000 

2.48000000 
9.92000000 

2.19000000 
13.8200000 

2.00000000 

Gl6.9 
G16.9 

METERS Gl6.9 
METERS Gl6.9 

4.98000000 

9.93000000 

19.8000000 

34.7100000 

4.96000000 

9.92000000 

14.8800000 

19.8300000 

24.7800000 

29.7300000 

34.6900000 

-4.97000000 

-9.92000000 

-14.8800000 

-19.8300000 

-24.7600000 

-29.7100000 

-34.7100000 

-4.97000000 

-9.92000000 

-13.8200000 

-1.15000000 

-.620000000 

-.710000000 

-1.22000000 

.750000000 

-1. 11000000 

-1.48000000 

-1.48000000 

-1. 46000000 

-1.35000000 

-1.49000000 

13.3700000 

16.3000000 

27.6500000 

33.2700000 

38.5300000 

43.8900000 

48.9500000 

6.29000000 

10.9500000 

18.8700000 



19.8300000 -19.8300000 20.6200000 

1.95000000 
24.7800000 -24.7800000 25.5700000 

1.95000000 
29.7300000 -29.7300000 30.5900000 

2.02000000 
34.8300000 -34.8300000 35.8100000 

2.14000000 
2.48000000 6.80000000 -.960000000 

7.23000000 
4.87000000 13.3900000 -1.00000000 

13.7800000 
7.27000000 19.9700000 -1.83000000 

19.5300000 
9.88000000 27.1600000 -1.89000000 

26.6600000 
14.4700000 39.7600000 -.110000000 

41. 0400000 
-7.06000000 -.620000000 8.09000000 

8.80000000 
-14.9500000 -1. 31000000 8.90000000 

8.92000000 
-21. 0300000 -1. 84000000 9.48000000 

8.97000000 
-27.9800000 -2.45000000 10.6200000 

9.50000000 
-34.9300000 -3.06000000 11.3400000 

9.62000000 
-41.9100000 -3.67000000 12.1500000 

9.81000000 
-48.8800000 -4.28000000 12.4600000 

9.51000000 
3.54000000 -6.13000000 11.5600000 

6.81000000 
7.07000000 -12.2500000 16.1700000 

5.30000000 
10.5800000 -18.3300000 21.9400000 

4.99000000 
14.0900000 -24.4000000 28.1700000 

5.14000000 
17.5900000 -30.4700000 34.0100000 

4.92000000 
21.1000000 -36.5400000 39.7500000 

4.59000000 
24.5700000 -42.5500000 45.9100000 

4.74000000 
6.36000000 -2.97000000 5.50000000 

3.79000000 
12.7200000 -5.93000000 8.63000000 

3.95000000 
19.0600000 -8.89000000 11. 7800000 



4.15000000 
25.3700000 -11.8300000 14.7200000 

4.14000000 
30.9700000 -14.4400000 17.3300000 

4.14000000 
40.5100000 -18.8900000 21.8600000 

4.22000000 
-12.0500000 12.0500000 .140000000 

13.6100000 
-17.0000000 17.0000000 -1.47000000 

16.9500000 
-21.6700000 21.6700000 -1.19000000 

21.9000000 
-3.19000000 -6.26000000 17.9300000 

13.0000000 
-6.37000000 -12.5000000 24.1600000 

13.0000000 
-9.55000000 -18.7400000 31.3400000 

13.9400000 
-12.7300000 -24.9800000 39.0900000 

15.4400000 
-15.9100000 -31. 2200000 45 . . 6200000 

15.7400000 
-19.0900000 -37.4700000 51.8500000 

15.7200000 
-22.2300000 -43.6300000 58.0800000 

15.7800000 



FIG. 1 SCHEMATIC VIEW OF EXPERIMENTAL AREA 
(after Durand (1988)) 
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FIG. 2 : FRACTURE DENSITY VS. HYDRAULIC CONDUCTIVITY 
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0.300 RG. 3: HYDRAULIC CONDUCTTVITY Number of Data 179 

mean -17.3014 
std. dev. 3.0748 

coef. of var undefined 

0.200 

maximum -10.1266 
upper quartile -15.1208 

median -17.0344 
lower quartile -20.9464 

minimum -21.2341 

-8.0 

Ln (hydraulic conductivity - mis) 
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FIG. 5 : HISTOGRAM PRESSURE HEADS Number of Data 60 

mean 16.1578 
std. dev. 16.5275 

coef. of var undefined 

maximum 58.0800 
upper quartile 27.9100 

median 11.9650 
lower quartile -0.6650 

minimum -1 .8900 

-5.0 5.0 15.0 25.0 35.0 45.0 55.0 65.0 75.0 

Pressure head (m) 



FIG. 6 
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FIG. 7 : HYDRAULIC HEADS SEPTEMBER 3, 1985 
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FIG. 8 : PRESSURE HEADS SEPTEMBER 3, 1985 
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FIG. 8b: 2nd ORDER DRIFT IN PRESSURE HEADS 
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FIG. 8c : STANDARD DEVIATION OF KRIGED RESIDUALS 
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FIG. 9: SAMPLE VARIOGRAMS LN(K) • NO DRIFT 

-----___ ..._ __ 

--+---

angleO.O 

angle45.0 

angle90.0 

angle 135.0 

omnidirectional 

., 
I 
I 
I 

0 .... ..-........................... ~ ....................... ~ ...... --........... ~ ............. ~ ............ ..... 

0 

10.0 

7.5 

5.0 

2.5 

25 50 75 

LAG DISTANCE (m) 

FIG. 10: ALL-DIRECTIONAL SAMPLE VARIOGRAMS 
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FIG. 11 : SAMPLE VARIOGRAMS LN(K) - 2nd ORDER DRIFT REMOVED 
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FIG. 12 
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INVERSE-COVARIANCE VARIOGRAM FOR 

HYDRAULIC CONDUCTIVITY 

1 I I 
l 

• 

All-directional sample variogram 

Variogram model 

0.+-~~~---~~~~....-~~~~--~~~-4 

0. 30. 60. 90. 120. 

LAG DISTANCE (m) 

FIG. 13 : SCATTER PLOT FOR HYDRAULIC CONDUCTIVITY 
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FIG. 14: KRIGED ESTIMATE OF LN(HYDRAULIC CONDUCTIVITY) 

E 
....J 
<( 
() 

~ a: 
w 
> 

25 

0 

-25 

-50 -25 0 

HORIZONTAL (m) 

ESTIMATE LN(K) 

I: -a 
-10 

5 -12 

4 .1-4 

3 -16 

2 -18 

1 -20 

25 50 

FIG. 15: KRIGING STANDARD DEVIATION LN(HYDRAULIC CONDUCTIVITY) 
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FIG. 16: KR/GED LN(K) Number of Data 1277 
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FIG.17: SAMPLE VARIOGRAMS INDICATOR #1 - NO DRIFT 

\ /" . . .... I ,,,, \\,, 

------ I I \ • 
I I \ 

,,,. ' ~ ~ • I \ _ .. _,.._-.. ....._ ,..--• . 
.y . '+--· / 
i \ "' 

·Iii,- I ,,, . . "' \ ¥ ,... _,.,.. 

~" / / '* • - - --- - - angle 0.0 

- -- ·+ ·- ·- angle 45.0 

. .,, .. angle 90.0 

--+-- - angle 135.0 

-e-- all-directional 

0.00 ------......1---..i.....i.......ii..-..i...--....i.......ii..-..i...--....i.-..................... 

~ 
~ 
a: 

0.30 

C!) 0.20 
0 a: 
~ 
> 

0.10 

0.00 

0 

0 

25 50 75 

LAG DISTANCE (m) 

FIG. 18: SAMPLE VARIOGRAMS INDICATOR #1 
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FIG. 19: SAMPLE VARIOGRAMS INDICATOR #3 
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FIG. 20: SAMPLE VARIOGRAM AND VARIOGRAM MODEL INDICATOR #3 
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FIG. 21 : ALL-DIRECTIONAL SAMPLE VARIOGRAMS INDICATOR #1 
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FIG. 22: ALL-DIRECTIONAL SAMPLE VARIOGRAMS INDICATOR #3 
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FIG. 23: STANDARDIZED INDICATORVARIOGRAM MODELS 
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FIG. 24: INDICATOR KRIGING CROSS-VALIDATION 
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FIG. 26: MEDIAN IK, LOGE-TYPE ESTIMATE 
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FIG. 27: MEDIAN IK, LOGZ-VALUE P:0.9 
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FIG. 28 : MEDIAN IK, PROBABILITY ABOVE CUTOFF #1 
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FIG. 31 : ALL-DIRECTIONAL SAMPLE VARIOGRAM PRESSURE HEADS 
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FIG. 32: SAMPLE VARIOGRAM AND VARIOGRAM MODEL PRESSURE HEADS 
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FIG. 34 : HEAD RESIDUALS (1 K-ZONE) 
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FIG. 35 : HEAD RESIDUALS (1 K-ZONE) 
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FIG. 36: FINITE ELEMENT GRID FOR INVERSE MODEL 

3 HG-ZONES 

-25 0 

HORIZONTAL (m) 

25 



FIG. 37 : HEAD RESIDUALS (3 K-ZONES) 
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FIG. 38: HEAD RESIDUALS (3 K-ZONES) 
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FIG. 39: MEAN AND VARIANCE OF LOG10(K) FOR SELECTED GRID POINTS 
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FIG. 40a: SIMULATION #1 
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FIG. 41 : SIMULATION #1 
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FIG. 42 : SIMULATION #2 
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FIG. 43 : SIMULATION #1 
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FIG. 44 : SIMULATION #2 
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FIG. 45 : MEAN OF 20 REALIZATIONS 
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FIG. 46 : VARIANCE OF 20 REALIZATIONS 
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FIG. 47: SAMPLE VARIOGRAMS INDICATOR #3 - 20 REALIZATIONS 

Dotted lines : Simulations 

Solid line: Theoretical model 

0.00 .._ _________ .....,_...._.....,j _______ --i,_ ....... ____ _.._ ............. _ ...... _......,__. 

0.50 

0.40 

0.30 

0.20 

0.10 

0 25 50 

LAG DISTANCE (m) 

FIG. 48 : VARIOGRAMS INDICATOR #3 
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Solid line: Theoretical model 
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FIG. 49: CONNECTIVITY HYDRAULIC CONDUCTIVITY ABOVE CUTOFF #5 
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FIG. 50: CONNECTIVITY HYDRAULIC CONDUCTIVITY ABOVE CUTOFF #5 
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FIG. 51 : CONNECTIVITY HYDRAULIC CONDUCTIVITY ABOVE CUTOFF #5 
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FIG. 52: CONNECTIVITY HYDRAULIC CONDUCTIVITY ABOVE CUTOFF #5 

SIMULATION #4 

50 

.s 
z 
0 25 .= 
() 
w 
g; 
0 
....J 
<: 
() 0 .= 
a: 
w 
> 
~ 
1-
w 
~ -25 
u. 
0 

-50 -25 0 25 

OFFSET IN HORIZONTAL DIRECTION (m) 

CONNECTIVITY 

G 0 .15 

F 0.14 

E 0 .13 

D 0.12 

C 0 .11 

B 0.1 

A 0 .09 

9 0 .08 

8 0.07 

7 0 .06 

6 0 .05 

5 0 .04 

4 0.03 

3 0 .02 

2 0 .01 

0 

so 



FIG. 53: CONNECTIVITY HYDRAULIC CONDUCTIVITY BELOW CUTOFF #1 
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FIG. 54: CONNECTIVITY HYDRAULIC CONDUCTIVITY ABOVE CUTOFF #5 
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FIG. 55: CONNECTIVITY HYDRAULIC CONDUCTIVITY BELOW CUTOFF #1 
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FIG. 56: CONNECTIVITY HYDRAULIC CONDUCTIVITY BELOW CUTOFF #1 
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FIG. 57: CONNECTIVITY HYDRAULIC CONDUCTIVITY BELOW CUTOFF #1 
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FIG. 58: CONNECTIVITY HYDRAULIC CONDUCTIVITY BELOW CUTOFF #1 
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FIG. 59: FINITE-ELEMENT GRID FOR FLOW SIMULATIONS 
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FIG. 60: SIMULATED HEADS REALIZATION #1 
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FIG. 61 : SIMULATED HEADS REALIZATION #2 
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FIG. 62 : SIMULATED HEADS REALIZATION #3 

25 

0 SimJlated head (m) 

A 20 

18 

16 

::::: 
14 

12 

-25 10 

8 

-50 ................ __.~.._ ........... __.~.._ ...................... .._ ...................... .._ ........................... 

-50 

25 

0 

-25 

-25 0 

HORIZONTAL (m) 

25 

FIG. 63 : SIMULATED HEADS REALIZATION #4 
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FIG. 64: POINTWISE MEAN OF SIMULATED HEADS 
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FIG. 65: POINTWISE VARIANCE OF SIMULATED HEADS 
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FIG. 66: HEAD RESIDUALS FOR MEAN SIMULATED HEADS 
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FIG. 67: OBSERVED VERSUS MEAN SIMULATED HEADS 
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FIG. 71 : SIMULATED HEADS USING MEAN HYDRAULIC CONDUCTIVITY 

25 

inflow rate into dr~t: 228 m•·3/day 

E 0 Simulated head (m) 

_J 

<t: 
(.) A 20 

~ 
9 18 

w 
8 16 

> 14 

12 

·25 5 10 

4 8 

3 6 

4 

-so.__ ........... _... ...... ____ .._ __ ............ __. __ ..._.._ __ ............ _.... __ ..._.._ ............. _ 

-50 -25 0 25 

HORIZONTAL (m) 



I 
....J 
<( 
0 
i== a: 
w 
> 

I 
CJ) 
0 
<( 
w 
I 
0 
w 
I-
<( 
....J 
:) 

~ 
u5 
z 
<( 
w 
~ 

FIG. 72 : HEAD RESIDUALS USING MEAN HYDRAULIC CONDUCTIVITY 
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FIG . 73 : OBSERVED VERSUS MEAN SIMULATED HEADS 
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FIG. 74 : HEAD RESIDUALS SIMULATION #3 

25 

0 

Head residual (m) 

-25 II 3 -2 

2 -4 

1 -6 

-50"'-----------------------............................. ____ ......... __ ..................... ...._ 
-50 -25 0 25 

HORIZONTAL (m) 

FIG . 75: OBSERVED VERSUS MEAN SIMULATED HEADS 
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FIG. 76 : HEAD RESIDUALS SIMULATION #13 
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FIG. 77 : OBSERVED VERSUS MEAN SIMULATED HEADS 
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