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A Regional-Scale Particle-Tracking Method for

Nonstationary Fractured Media

Johan Ohman', Auli Niemi' and Chin-Fu Tsang’

'Air and Water Science, Department of Earth Sciences, Uppsala University, Sweden

? Earth Sciences Division, Ernest Orlando Lawrence Berkeley National Laboratory, US

Abstract. A regional scale transport model is introduced that is applicable to non-stationary
and statistically inhomogeneous fractured media, provided that hydraulic flow, but not
necessarily solute transport, can be approximated by equivalent continuum properties at some
block scale. Upscaled flow and transport block properties are transferred from multiple
fracture network realizations to a regional model with grid elements of equal size to that
found valid for continuum approximation of flow. In the large-scale model, flow is solved in a
stochastic continuum framework, whereas the transport calculations employ a random walk
procedure. Block-wise transit times are sampled from distributions linked to each block-
conductivity based on its underlying fracture network. To account for channeled transport
larger than the block scale, several alternatives in sampling algorithm are introduced and
compared. The most reasonable alternative incorporates a spatial persistence length in
sampling the particle transit times; this tracer transport persistence length is related to
interblock channeling, and is quantified by the number N of blocks. The approach is
demonstrated for a set of field data, and the obtained regional-scale particle breakthroughs are
analyzed. These are fitted to the one-dimensional advective-dispersive equation to determine
an effective macroscale dispersion coefficient. An interesting finding is that this macroscale
dispersion coefficient is found to be a linear function of the transport persistence, N, with a
slope equal to a representative mean block-scale dispersion coefficient and a constant that

incorporates background dispersion arising from the regional heterogeneous conductivity

field.



1. Introduction

Modeling flow and transport in fractured rock is complicated by strong
heterogeneity, which makes predictions of tracer transport from local observations and their
upscaling for large-scale models a challenging task. However, use of local small-scale data is
necessary; because of the low conductivity and consequently slow response, very few large-
scale tracer transport experiments have been conducted in fractured media. Tsang and
Neretnieks (1998) reviewed available field experiments and analysis methods. More recently,
tracer experiments for transport characterization in fracture media have been carried out at
small scale (e.g., Sidle et al., 1998), intermediate scale (Kosakowski, 2004) and kilometer
scale [Becker and Shapiro (2000); Shapiro (2001)]. As pointed out by Tsang and Neretnieks
(1998) the tracer breakthrough curves typically display anomalous breakthrough curves,
characterized by early initial arrival and extraordinarily long tails that exhibit a slow decay.
Fitting breakthrough curves to the analytical one-dimensional advection-dispersion equation
(ADE), indicates that this tailing may result from variable advective velocity among different
flow paths [Kosakowski (2004); Becker and Shapiro (2000); Shapiro (2001); see also Tsang
and Tsang (1987) and Moreno and Tsang (1994)] and/or diffusive mass transfer between flow
paths and either stagnant water or an essentially infinite rock matrix [Cvetkovic (1999);

Andersson et al. (2004)].

In terms of modeling, three basic approaches have been adopted: (a) the
deterministic equivalent porous medium approach, (b) the stochastic continuum approach, and
(c) the fracture network approach. The range of applicability of these alternative approaches
depends on the scale of the heterogeneity in relation to the scale of the region of interest. The
deterministic-porous medium approach is applicable to the largest of scales, and the fracture
network approach to the smallest of scales, where flow and transport in individual fractures
may be important. The applicability range of the stochastic continuum approach falls in
between these cases, i.e., for scales where the heterogeneity effects are of interest but can be
represented by means of stochastic continuum properties. A more detailed review of different
approaches for modeling flow in fractured media is given in Ohman and Niemi (2003).
Several recent works also employ some hybrid approach where fracture network models are
used to derive input for stochastic continuum models. In such cases, the scale at which the

continuum approximation can be adopted must be properly determined.



It has been demonstrated in various experiments (e.g., Neretnieks, 1993) that in
fractured rock, the distribution of transport pathways can be very different from those of flow
patterns. Therefore transport does not necessarily exhibit continuum behavior at the same
support scale for which continuum conductivity tensors can be determined for flow (Endo et
al., 1984). Furthermore, even if an effective transport property can be determined at some
meaningful support scale to justify the use of a stochastic continuum analysis for transport,
the finite difference and finite-element solutions of the ADE in strongly heterogeneous

conductivity fields can show severe numerical dispersion (e.g., Hoffman, 2001).

Because of the difficulties in applying continuum models for transport, on the
one hand, and the limits of applicability of fracture network models, on the other, innovative
new methods are needed to solve regional scale problems [NRC (1996); Berkowitz (2002)].
Many of the recent approaches rely on various forms of stochastic Lagrangian methods [e.g.,
Shulan et al. (2001); Bruderer and Bernabe (2001); Cvetkovic et al. (2004)]. Typically, a
combination of particle tracking and random walk is used (e.g., Scher et al., 2002). In their
pioneering work, Schwartz and Smith (1988) introduced a hybrid method to upscale fracture
network-based transport to be used as input for a large-scale equivalent-porous-medium
model and owing to its feasibility, their approach is still being used [e.g., A4bbo et al. (2003);
Carneiro (2003)]. In this approach, stochastic particle motion is learnt from particle tracking
in a “subdomain” fracture network, which is exposed to a gradually rotated hydraulic
gradient. Assuming statistical homogeneity, fitted particle-motion distributions are then
sampled in a random walk through a regional-scale head-field, which is solved by
deterministic continuum modeling. The approach was later improved by accounting for
preferential flow (Parney and Smith, 1995), i.e., including correlation between particle
velocity and path length that is also determined from the “subdomain.” Recently, the linear
Boltzmann transport equation was used in a rather similar hybrid approach to describe particle
motion in fractured media (Benke and Painter, 2003). Fracture intersections are represented
by “molecule collisions” in a fluid, in the sense that they may cause abrupt changes in the
direction and velocity of a particle under a random walk. Preferential flow is accounted for by
fracture-intersection-transition probabilities, which are obtained from particle tracking in

small fracture networks.



In spite of the great progress made during the last twenty years in characterizing
and describing flow and transport in fractured media, models for field-scale transport are still
preliminary in character in terms of their capability to take site-specific heterogeneity into
account. The present work introduces a new approach for this purpose. We start from the
detailed-scale geological and hydraulic data and employ fracture network modeling to obtain
the relevant flow and transport statistics at some support scale, for which flow, but not
necessarily transport, can be represented by means of a continuum. We then use stochastic
continuum flow simulation in combination with large scale particle tracking to model
transport. Here, particle velocities determined from the network realizations are transferred to
a large-scale model via a specific scaling method. Special attention is given to transport
channeling characteristics; this is modeled by a superimposed “tracer transport persistence,”
N, in our sampling algorithm. Furthermore, to show the feasibility of allowing for realistic
field conditions, a depth trend in flow and transport characteristics, caused by the closing of

fractures with increasing stress, is also included.

In the following, we will first present the approach, and then apply it to a set of
field data, to study a hypothetical scenario related to deep disposal of high-level nuclear
waste. We use data from Sellafield, England, as an example (Andersson and Knight, 2000).
Sellafield is a fractured rock site that has been intensively investigated by Nirex (e.g., Nirex,
1997a-d) in connection with nuclear waste disposal. The database we use is not complete and
is not intended to reflect the characteristics of the site in general, but is taken merely as an

example of a realistic fractured rock database to demonstrate our method.

2. Model for Regional-Scale Transport in Fractured Media

2.1 Overview of the Model

Our objective is to introduce a model for large-scale solute transport in fracture
media that properly honors the fracture-related heterogeneity observed in boreholes via a
fracture network-based upscaling. The suggested approach is inspired by Nordgvist et al.
(1992), who transferred statistics of within-fracture plane channeled transport, evoked by
variable aperture, onto a flow field solved for a constant-aperture fracture network. In their

approach, transit time distributions are first determined by particle tracking in individual



fracture planes with variable aperture. Transport is then modeled by a random walk through a
three-dimensional fracture network (Dverstorp and Andersson, 1989), where at each fracture
the previously obtained distributions are sampled, with appropriate rescaling for local
gradients (7Tsang, 1993). In this paper, we seek to utilize their innovative concept, but at a

larger scale, as explained below.

The three different scales being addressed here are: regional scale, block scale,
and detailed scale. We define the regional scale by a kilometer-scale domain for which
transport is ultimately to be solved. The block scale is defined by a cubic domain with side-
length 7.5 m, for which it has been found that flow in fracture networks can be represented by
conductivity tensors of equivalent porous media (i.e., it is the scale for a “continuum
approximation” of hydraulic flow). The 7.5 m value is based on a study of the current data set
(Ohman and Niemi, 2003). The detailed scale refers to fracture network geometry and
individual fractures that govern the transport properties of the medium (and in particular of
the blocks). Our approach relies on a “hybrid” concept, that the detailed fracture-scale
properties are transferred via the block scale at the regional scale; it can briefly be

summarized as follows:

1. The hydraulic characteristics of a large number of fracture network realizations are studied
to determine continuum tensors for hydraulic conductivity at the block scale that are then used

as a support scale (Neuman, 1987) for a regional-scale stochastic continuum model.

2. Tracer-transport behavior is learned from the same block-scale fracture network
realizations as were used to determine the continuum conductivity tensors. A large number of
particles are released, and their mean transport velocities within a fracture network block are
collected as a probability distribution. It can be expected (as demonstrated later) that transport
does not exhibit continuum characteristics at the block scale and, hence, an equivalent
dispersion tensor approach cannot be used. Consequently, distributions of particle transit

times at block scale will be used directly in the subsequent regional-scale simulations.

3. Regional-scale flow fields are simulated with a stochastic continuum model. This model is
discretized to the block scale, and the distribution of upscaled conductivity, determined in

step 1, is used as input.



4. Regional-scale transport is modeled in terms of particle steps by sampling from the
previously obtained block-scale transit times. Each upscaled block conductivity value is
linked to its own transit time distribution, since steps 1 and 2 are conducted for the same
network realizations, representing the same block. Special emphasis is given to how this
sampling is done, as will be discussed in more detail later. Furthermore, to obtain the proper
transit time at each step in the regional-scale model, the sampled transit times need to be

scaled according to the local ambient hydraulic gradient.

The software used for the fracture network modeling includes FracMan
(Dershowitz et al., 1998) for generating the complex fracture network geometries, and
MAFIC (Miller et al., 1999) for solving the flow equations and particle transport in these
networks. The regional-scale stochastic continuum modeling is done with TOUGH (Pruess et
al., 1999), an integral finite difference-based model, which is further developed to include the
present transport analysis. In the following sections, the various steps are described in more

detail.
2.2 Upscaling Fracture Network Properties at Block Scale
2.2.1 Block-Scale Hydraulic Conductivity

For upscaling hydraulic conductivities, we use the classical upscaling of fractured
media, originally introduced by Long et al. (1982), and later implemented by, for example,
Cacas et al. (1990). This analysis was carried out for the present data and its detail is
described by Ohman and Niemi (2003); hence, only the main points will be repeated here. In
this approach, an imposed hydraulic gradient is gradually rotated with respect to the fracture
network to determine the equivalent conductivity K in each direction. If the shape of this
conductivity (as 1/N(K)) versus rotational angle resembles a smooth ellipse, its conductivity
can be represented by means of a continuum conductivity tensor. In this earlier study, a block
size of 7.5 m was found that allowed such a continuum representation, i.e., most of the

fracture network realizations followed continuum behavior sufficiently well.



Flow is simulated at this block scale for multiple stochastic realizations to determine
distributions of continuum conductivity tensors. Only the horizontal and vertical components
of conductivity are used below as input for generating stochastic continuum realizations for

the two-dimensional finite difference-based regional-scale model.

The hydraulic conductivity of fractured rock is known to decrease with increasing
depth, due to fracture closure with increasing stress. This depth trend is incorporated into the
model, based on a hydromechanical coupling described in detail by Ohman et al. (2004). In
principle, this approach accounts for fracture closure by using a stress-aperture closure
relationship measured in the laboratory. In the present work, the rock is divided into four
different depth intervals for which the principal stresses are known, and different statistical
distributions of equivalent conductivity are then obtained for each depth interval to

correspond to the different stress levels.

2.2.2 Block-Scale Transport Properties

Particle transport is then studied at the block scale, at which the continuum
representation of flow is valid. It would have been convenient, if an equivalent continuum
dispersivity could be found in a similar way and at the same scale. This is studied by
analyzing particle breakthrough as a function of rotational angle. As will be shown later, the
results indicate that a dispersion tensor representation is not valid for the block scale selected.
Therefore another approach is used to transfer block-scale particle transit times, z, to the

regional-scale stochastic continuum model. The transit time is defined as

o) = [-2 0

where v is the spatially varying fluid velocity along the trajectory at a distance s from release

point.

To obtain particle transit times for each fracture network realization i at the
block scale, a large number of particles, typically 10,000, are released and their transit time

distributions gj(z,) are determined, where p refers to particle number. Because of the structure



of the numerical simulator used in the regional-scale model, transit time statistics is needed
separately for the “upstream” and “downstream” sections of a fracture-network block. The
reason for this is that to attain consistency in the configuration of boundary conditions for the
integral finite difference model and for the fracture network model, particles must move from
one nodal point to another in the regional-scale model; and, as explained in section 2.3.2,
these nodal points are located at the center of numerical elements. Therefore transit times are
determined separately for the “upstream section” (i.e., from the boundary with higher
hydraulic head to the center of the block) and for the “downstream section” (i.e., from the
center of the block to the boundary with lower hydraulic head) and are denoted as “z and “z,

respectively. This is visualized in Figure 1.

Figure 1. Geometry and boundary conditions of the block-scale particle-tracking domain,
divided into two halves, an “upstream” section 4 and a “downstream” section B, with
imposed constant head boundary conditions Hy> H,.

Also, we carry out the particle-tracking procedure for networks corresponding to the

four different depth intervals, adjusted to the four different stress-levels.

The results are organized to enable a correct linking between block-scale transport
properties and block conductivities in the following regional-scale simulations. In other
words, for each network realization, i, we save the vertical and horizontal components of

conductivity, K;, and Kj, and four distributions of transit times, g,-v(Arp), giV(B Tp), g,»h(Arp) and



ain® 7,) and denote them with the same index i. Also, the calculated transit times in each
distribution are ranked in ascending order, from shortest transit time to longest, and given a
rank m that varies from 1 to the total number of particles released (the smallest value of m
corresponds to the fastest pathway and the largest m to the slowest pathway through the block
element). The reason for saving this information is that we shall use it to carry pathway
information between block elements in the regional-scale particle-tracking model, as will be
explained later in section 2.3.3. When this ranking m is discussed, we use the notation g,(*z,,)

and gi(Brm).
2.3 Regional-Scale Stochastic continuum Model
2.3.1 Stochastic Flow Model

Multiple stochastic continuum realizations of regional-scale flow fields are
generated based on conductivity distributions at the block scale (section 2.2.1). Correlated
conductivity fields for the regional scale are calculated using the GSLIB software (Deutsch
and Journel, 1998). Each block element in the regional model has a conductivity value K; and
is linked to its corresponding particle transit time distribution is then g,(7). For the regional-
scale flow modeling, we use the numerical simulator TOUGH2 (Pruess et al., 1999), which
employs an integral finite difference method for the numerical flow solution. In this numerical
method, property values are calculated at nodal points located at the center of elements. This
poses an additional complication when importing the upscaled values to the regional-scale
model, because the transport between two nodal points actually involves properties of two

block elements.
2.3.2 Rules of Particle Movement

The particle transport in these regional-scale stochastic continuum realizations is
then modeled by first solving the flow fields, releasing a large number of particles (we used
10%) and then observing their transport. The particle movement is simulated according to the

following:



1. A particle moves from its present block element, in direction £, to an adjacent element with
out

probability, P, which is proportional to the total outward directed flux in that direction, Oy,
as defined by

P _ Qk out (2)

k ou
2.0."
k
where Z 0,” is the sum of all fluxes out of the element. This is visualized in Figure 2a.
k

2. The particle first moves from the node situated at the center of the present block element,
through section B of the that element, crosses the element interface and moves through
section 4 of an adjacent element, until reaching the neighboring element node, as shown in
Figure 2b. Transport times for both sections (sections B and A ’) are sampled from the block-
specific transit time distributions, gi(B 7,) and g; !(A’rm), associated with each element. The

prescription for sampling of distributions is discussed separately in section 2.3.3.

3. Particle transport in the regional-scale model is subject to the local ambient hydraulic

gradient (4H ymp/Axqmp) across the block element and the transit times from gi«(z,,) are rescaled
for this local hydraulic gradient. Based on the well-known relationship between velocity and
transit time, as well as expressions for linear flow velocity, the scaling for a fixed distance is

determined from

/Axnetw

_ Knetw /¢nerw AH T
/Axamb netw

netw

7’-amb K /
amb ¢amb AH

€)

amb

where subscripts netw and amb refer to the values from the block network simulations and
those in the regional-scale continuum model, respectively. Since the internodal particle
motion involves both section B of the first element and section 4’ of the second element, the
transit time is the sum of the two transit times ®z and # 7 (Figure 2b). The conductivities (Ken
and K,,») and effective flow porosities (@y.n and @,.») are by definition the same. However,
block conductivity statistics is determined at four different depth intervals, reflecting the

characteristics of the mean of each interval. Therefore the mean conductivity at an



intermediate depth, z, is interpolated by a depth trend, K(z), fitted to the simulated mean
values (Figure 3a, in section 3). Furthermore, transit times need to be adjusted by scaling to
the depth trend of conductivity with an exponent of 2/3, because in a fractured medium, when
subject to a larger stress and decreasing apertures, the flux (and consequently the block
conductivity) decreases with a power of 3 (assuming cubic law), whereas the linear flow
velocity decreases only with a power of 2, since its effective porosity follows a power of 1.

Taking this into account, and setting Axmp = AxXpenw, €quation (3) becomes

E[K] 2/3 BT A'T
T — J netw + 'netw ﬁ FI , 4
anb (K(z) J APH AYH e ®

amb amb

where E[K ] is the mean upscaled block conductivity in layer j and K(z) is the interpolated

mean conductivity at other depths z.

c:> > - 0 !
HO—sr- e L
_ 9;(5Tm) 9, (*tm) E
L
ABH AAH'

a b Fx A

Figure 2. (a) Illustration of particle-tracking scheme for an integral finite difference model
element with two outward fluxes. (b) A particle movement from a node in an element with
conductivity K; to an adjacent node in an element with conductivity K;- involves sampling
distributions linked to realizations i and i’.
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2.3.3 Upstream Conditioning in Transit Time Sampling

As a particle moves from one block element to the next, sampling from transit
time distributions for the two neighboring blocks are commonly assumed to be independent
random processes. However, one could also expect some correlation between neighboring
elements, so that particles traveling along a fast path in one element would travel along a fast
path in the next one as well [cf. Parney and Smith (1995); Benke and Painter (2003)]. In our
model, spatial correlation is introduced into the regional stochastic conductivity field, but
while this affects the large-scale flow field it does not consider the possibility of channeled

transport pathways at the sub-block scale persisting over a distance of several blocks.

To consider such a possibility, the block-scale transit times (i.e., time from the
inflow boundary to the outflow boundary) are ranked from the slowest to the fastest, with
index m ranging from 1 to 10,000, as described earlier. In transit time sampling, possibilities
can then range from autonomous random sampling, where no attention is paid to the previous
transit time, to a situation where m is maintained all along a regional particle trajectory. The
latter implies that a particle which has followed a fast trajectory in the previous block element
continues in a fast trajectory in the next block element as well, and vice-versa. Intermediate
alternatives include allowing a small change in the rank, or introducing some type of transport

persistence length d where the rank is maintained only for the distance d.

To implement this idea in the regional-scale simulations, each particle is
assigned an initial rank m at its release, where m is randomly sampled from a uniform
distribution and used to identify a transit time in the block-specific distributions. Given the
particle rank in an upstream element being m, entering the next element the particle is

assigned a new rank m’; then the alternatives for determining m " are given in Table 1.

11



Table 1. Alternatives for sampling particle transit times

Alternative  Referred to as Sampling algorithm
1 Minimum transport channeling m’ is autonomous random sampling from uniform distribution
[1...10,000], regardless of m.
2 Maximum transport channeling m’ = m for all particle steps
3 “Dispersion level” specified at m =m+ Am

element interface
4 Rank maintained for a given m’ = m for a distance d (or N number of elements); then
“transport persistence length” d autonomously randomly re-sampled, and returning to m’ = m

for the next distance d.

The first alternative reflects a minimum level of channeled transport, i.e., only
the large-scale channeling arising from the regional correlated conductivity field. This
sampling is not linked to previously sampled transit times for the block element; rather, the

new rank m’ is randomly sampled from a uniform distribution.

The second alternative is the other extreme and reflects the maximum level of
channeled transport. The sampling rank m randomly assigned to each particle at the onset is
kept fixed during the entire particle trajectory and is used for selecting transit times in block-
specific distributions of each successive block element. Thus, a particle born into a fast or

slow lane is kept on such, even though its velocity may vary along the route.

Neither of the two extremes above seems very realistic, and hence two
additional concepts, the alternatives 3 and 4 in Table 1, that allow a transition between the
two extremes, are used to examine intermediate levels of transport channeling. These
transitional concepts are based on alternative 2, but modified so as to introduce various levels

of randomness, in order to regulate the level of transport channeling.

In alternative 3, the sampling rank is increased by Am (which can be positive or
negative) each time a particle crosses an element interface. The change Am is determined
from a triangular probability distribution, which has an expected value of zero and is bounded
by a maximum change, */. |A#,,4,|. This maximum change, |Am,,4,|, is varied with values 0.01
M, 0.1 M, 0.25 M, 0.5 M and 1.0 M, where M is the maximum rank, and thus represents high-

to-low levels of channelized transport.
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Alternative 4 in Table 1, is the case for “tracer-transport persistence length,” d,
which is longer than the block scale, Ax, so that d = N x Ax, where we define N as “tracer-
transport persistence”. In this alternative, the sampling rank m is kept fixed over a distance of
N successive elements. After N elements have been traversed, a new rank m " is sampled
independently, as in alternative 1. Then the particle moves along the next set of NV successive
block elements with a fixed m value. For a given simulation of regional tracer transport (10°
particles), N, is treated as a random variable sampled from a uniform distribution, ranging
from 1 to 2N-1. However, to avoid cases where a choice of N steps would lead the particle to
go beyond the exit boundary, N is cut back so that it always ends at the boundary. Thus the
mean of the random N values, N4, is always less than N for large cases of N. Channelized
transport is examined for various average “transport persistence,” Ny, ranging from 390.4 to

1.0, which represent maximum to minimum channeling levels.

3. Example Application to Field Data

The use of the model developed is demonstrated as part of a model cross-comparison
study within the international DECOVALEX project (Tsang et al., 2003). The database used
for this comes from the Sellafield site in England, as summarized by Andersson and Knight
(2000). Particle transport from a potential deep nuclear waste repository is simulated in a
vertical cross section, as shown in Figure 3a. The range of particle transit times from the
underground repository to the sea is to be simulated. No-flow boundaries are assigned for
boundaries at x = 5000 m, x = 0 m, based on symmetry considerations at water divide, and at z
= 1000 m, based on the very low conductivity at this depth, as often can be assumed in
fractured media. Constant-head boundary conditions are assigned at the top of the model,
corresponding to the mean levels of the groundwater table and the sea. There is a vertical fault
in the middle of the domain, while the remaining part of the medium is “average” fractured
rock. This rock also has a depth trend in conductivity caused by fracture closure with
increasing stress at greater depths. It is the “average” fractured rock that needs upscaling for
the regional-scale transport model, regarding both its hydraulic and transport properties. Due
to the domain geometry, these properties are characterized (see Figure 3a) at different depth
levels (e.g., g(K;) where j refers to the depth level), and at a larger support scale in a region
having less influence on transport (e.g., g45s »(K)), which will be explained in the following

sections.
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Figure 3a. Regional-scale hydraulic flow modeling and particle-tracking domain: conceptual
model with input conductivity distributions, g(K;) and g4s5 »(K), and the interpolated depth
trend K(z).
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Figure 3b. One stochastic realization of the regional-scale conductivity field.

3.1 Upscaling of Fracture Networks

3.1.1 Data

Our approach is based on fracture network modeling at the block scale. Multiple three-
dimensional fracture network realizations are generated, and input data for these network
realizations are statistical distributions of geologically observed fracture orientations, lengths,
density, and intersection termination percentage, taken from the Nirex databases as
summarized in Andersson and Knight (2000). Statistical fracture transmissivity distributions
are estimated using a probabilistic analysis of hydraulic well test data, according to the

method introduced by Osnes et al. (1988). Details of these fracture and hydraulic conductivity

14



data and their analysis for hydraulic fracture network modeling are given in Ohman and

Niemi (2003) and will not be repeated here.

To account for decreasing conductivity with depth, principal stresses, as reported by
Nirex (1997d), are used to calculate the stress regimes at various depths. These in turn are
used to correct the fracture transmissivities at these depths, as hydraulic data are only
available at a limited depth interval (from 635 to 790 m). In doing so, fracture transmissivities
are adjusted, such that the relation between the geometric mean transmissivity and an
anisotropic stress-field satisfy an empirical fracture-closure relationship based on an analysis
of core loading-unloading data. This latter data comes from NG/ (1993). The step of adjusting
fracture transmissivity depending on its orientation in the ambient stress-field is further

explained in Ohman et al. (2004).

3.1.2 Hydraulic Upscaling at Block Scale

Block-scale flow modeling was conducted for 4 x 100 (j x i) fracture network
realizations to generate hydraulic conductivity distributions as input to the regional-scale flow
calculations. For this purpose, the computer codes FracMan (Dershowitz et al., 1998) and
MAFIC (Miller et al., 1999) were used, which allow modeling flow and particle transport in
complex three-dimensional fracture geometries. The simulations were carried out as discussed
in section 2.3.1, and are further described in Ohman and Niemi (2003). The horizontal and
vertical components of equivalent conductivity were extracted from each simulated
conductivity tensor to form input conductivity distributions for generating the regional-scale
stochastic continuum flow model. Four different block scale conductivity distributions were
determined, g(X}), which correspond to the four different depth levels j = 100 m, 400 m, 713
m, and 1000 m.

For computational reasons, a statistical conductivity distribution was also determined
at 45 m block scale, g5 »(K). This distribution is intended for regions where the heterogeneity
effects are of less importance (Figure 3) because particles are not expected to pass through
them. For this reason, an additional upscaling was carried out to further upscale the 7.5-m
scale conductivities to effective conductivities at 45-m scale. This upscaling was done based

on stochastic continuum modeling and is presented in detail in Ohman et al. (2003).
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3.1.3 Upscaling Particle Transport at Block Scale

The first attempt to upscale transport properties was made to see whether a
continuum-type dispersion tensors could be determined at the same block-scale as for
continuum representation of hydraulic conductivity. Particle tracking was initially performed
through 30 of the 100 fracture networks at the block scale. It was done in a similar way as for
upscaling the hydraulic conductivity (Ohman and Niemi, 2003). For each realization, the flow
field was first solved for a 15 x 7.5 x 7.5 m’ region in various directions, 6, by gradually
rotating a hydraulic gradient in a vertical cross section (Figure 4). The gradient was given a
magnitude of 0.05, which corresponds to the average regional gradient in the regional-scale
model. No-flow conditions were applied to the boundaries parallel to the regional-scale

modeling plane.

The block region (side-length 7.5 m) being studied is embedded in a somewhat larger
flow field (Figure 4). This is to provide “guard zones” (Jackson et al., 2000) that reduce the
risk of shortcuts to adjacent boundaries. Ten thousand particles were released from a 2 x 2 m*
surface at the center of the inflow boundary and collected at outflow boundaries. Particle
transit time statistics were sampled at various longitudinal distances, L, and at various times, .
As an example, Figure 4 also shows a set of calculated particles trajectories. Note that most
particles are channeled along a high-velocity path and generate transit times around 30 years,

whereas for others it can exceed 80 years.
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Figure 4. Flow and transport regions vertically rotated by an angle 0 to obtain particle
dispersion characteristics and a sample of achieved particle trajectories.

As will be discussed in the “Results” section (section 4) the results of the above
analysis shows that particle dispersion is considerably more heterogeneous than hydraulic
conductivity at the same scale. Therefore a continuum dispersion tensor representation could
not be found, and hence, our approach, as described in section 2.2.2, was used. The discrete

particle travel statistics are transferred directly to the regional-scale model.

Particle tracking was conducted in vertical and horizontal directions only, in
accordance to the structure of the regional-scale finite difference model into which the
information was to be transferred. The same 4 x 100 fracture network realizations that were
used for flow simulations described in section 3.1.2, were used here. Again, 10,000 particles
were released to estimate distributions of transit time z. Or more precisely, the transit time
distributions were determined separately for the upstream and downstream sections of the

network blocks g(“7) and g(°7), such that *z,, + %z, = 7.
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3.2 Regional-Scale Simulations

3.2.1 Flow Simulations

Based on the upscaled data, regional-scale stochastic continuum simulations were
carried out. A sample conductivity realization is shown in Figure 3b. The region to the right
of the fault zone was discretized into cubic elements identical to our block scale (side length
of 7.5 m), to provide a consistent transfer of the heterogeneity characteristics. For the region
to the left of the fault zone, coarser elements of dimensions 45 x 45 x 7.5 m°> were used and
assigned the separate conductivity distribution gus ,»(K) (Figure 3; section 3.1). Since no
particle tracking will take place within this region, the particle transport characteristics were

not upscaled to this support scale.

First, four correlated stochastic conductivity fields for the region were generated with
the GSLIB algorithm for the four different depth intervals (0 to 250 m, 250 m to 550 m, 550
to 856 m, and 856 to 1000 m), using the upscaled conductivity statistics g(K;) and an
exponential variogram with a correlation length of 18 m, based on a separate variogram
upscaling study presented in Ohman et al. (2003). Then, the mean conductivity of the fields
was adjusted to the interpolated depth trend, K(z) in Figure 3a, to obtain smoothly varying
mean conductivity at all intermediate depths, z. Finally, each generated conductivity value
was indexed to its actual network realization of origin, in order to link each element to its
corresponding particle transit time distribution. The procedure described was repeated, and 30
regional-scale realizations were generated. Then the steady state flow field was solved for

each.

3.2.2 Regional-Scale Particle Tracking

Regional-scale particle tracking was then carried out for steady state flow-fields
for the 30 realizations at the regional scale. For each realization, 10° particles were released at
the repository (Figure 3a), and their breakthrough at the sea was observed and analyzed. The
impact of different levels of superimposed channelized transport, represented by the four

alternatives in the sampling algorithms (Table 1, section 2.3.3) was then explored.
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4. Results
4.1 Upscaling Network Characteristics
4.1.1 Applicability of Dispersion Coefficient at Block Scale

The results of upscaling the flow in the block-scale fracture networks are discussed in
detail in Ohman and Niemi (2003) and will not be repeated here. Those results showed that
most block conductivities could be reasonably well represented by means of a continuum
conductivity tensor at the 7.5 m block scale. The criterion for this was that the directional

conductivity as a function of orientation could be described by an ellipse when plotted as

v1/ K versus orientation angle € plot, or smoothly fit to a tensor description when expressed

as a K versus 6 plot (Harrison and Hudson, 2000).

As expected, the particle breakthrough results appear much more heterogeneous
than the corresponding flow simulations, which is similar to the findings of e.g., Endo et al.
(1984). Figure 5b shows transit time at 16, 50 and 84 percentiles, 7,4, 759 and 74, for various
orientations, 6, for a typical fracture network realization, based on 10,000 particles released.
For comparison, the corresponding hydraulic conductivity versus rotational angle plots for the
same network is shown in Figure 5a. It can be seen that while the conductivity shows a
definite homogeneous behavior, the transport behavior is highly heterogeneous with

orientation and cannot be represented by a dispersion tensor.
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Figure 5. (a) Typical directional hydraulic conductivity as a function of rotation angle 6 for a
realization and (b) its corresponding transit time percentiles 76, 750, and 7g4 as a function of 6.

Two examples of particle breakthrough curves, along with fitted analytical
solutions of the one-dimensional ADE, are shown in Figure 6. Approximately 94% of the
breakthrough curves for investigated realizations could be fairly well fitted with the one-
dimensional ADE, as the example shown in Figures 6a and b for a particular realization,
while the remaining could not (e.g., Figures 6¢ and d). The procedure for determining

dispersion coefficients is based on equations (5) and (6), and described in section 4.3 below.
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Figure 6. Breakthrough curves and analytical fits for two sample fracture network
realizations; one is well-fitted, (a) and (b), and the other poorly fitted, (c) and (d).

A histogram of obtained block-scale dispersivities & = L/Pe from a fit with 1-D
ADE is shown in Figure 7. It reveals a lognormal distribution. Note that dispersivity values >
100 correspond to realizations where the agreement between breakthrough data and the ADE
model was poor, as determined by means of a Kolmogorov-Smirnov test (e.g., Figures 6¢ and
d). This indicates that realizations with the largest heterogeneity (large ), are also the least

“smooth” and are hardly described adequately by means of a continuum dispersivity.
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Figure 7. Histogram of block-scale dispersivities (please note: values with &> 100
correspond to cases of bad agreement between the analytical ADE and the simulated fracture
network results, as shown in Figures 6¢ and d).

4.1.2 Particle Transit Time Distributions

One conclusion drawn in the previous section was that solute transport cannot
be represented by means of dispersion tensors at the 7.5 m block scale. Thus, we apply our
model by taking the distributions of particle transit times themselves and transfer them to the
regional-scale model. These transit time distributions have a wide spread. Figure 8 shows the
84™ 50™ and 16" percentiles of the simulated particle transit times as a function of simulated
block conductivity. Inspection of the results shows that, while there is a clear correlation
between conductivity and transit time (with low conductivity corresponding to long transit

times), there is also a wide spread in transit time values for a given conductivity.

Transit time, T [years]

107
Conductivity, K [m/s]

Figure 8. Simulated particle transit times (84", 50", and 16™ percentiles) as a function of
block-scale conductivity (upscaled values for 7.5 m network blocks).
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4.2 Results from Regional-Scale Particle Tracking

The impact of the superimposed transport channeling (Table 1) is demonstrated

in Figure 9, for 100 out of 10° particles released onto the flow field of one sample regional

stochastic realization. The minimum level of transport channeling, alternative 1 in Table 1, is

shown in Figure 9a and compared to maximum transport channeling, alternative 2, shown in

Figure 9b. The colors indicate the elapsed time since particle release. As can be seen,

alternative 1 causes very little longitudinal spreading compared to the extraordinary

longitudinal spreading obtained by alternative 2. As discussed in section 2.3.3, alternative 1 is

the case of random sampling at every step, whereas alternative 2 maintains long-range
persistent particle pathways that can be associated to occurrence of large scale transport
channeling, such as in the case of presence of fracture zones, i.e., features that can be

expected to produce very large longitudinal dispersion, with both very fast and very slow

transit times.

o
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-600 -
-800 -
-1000-

Depth, z [m]

2500 3000 3500 4000 4500 5000 2500 3000 3500 4000 4500
Horizontal distance, x [m] Horizontal distance, x [m]

5000

Figure 9. Simulated particle transit times for 100 pathways along with corresponding head

fields for one stochastic realization: (a) for alternative 1, and (b) for alternative 2.

Breakthrough curves obtained from regional-scale particle tracking, for the

intermediate alternatives 3 and 4 in Table 1, are shown in Figures 10a and b, respectively.

Figure 10a shows results for different |Am,,.|-values, i.e., variable “dispersion levels” that

modify the sampling rank at element interfaces, and Figure 10b shows results for different

values for N4, which are conceived as the average “transport persistence.” Inspection of the

results in Figures 10a and b shows that the completely random alternative, without additional

transport channeling (|Am,,q| = 1.0 or N4 = 1), has the narrowest breakthrough with a late first

arrival, while the maximum channeling (|Am,,.,] = 0.0 M or N4 = infinite) has an early first
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arrival and a long tail. Intermediate values for |Am,,.| and N, successfully represent

transitions between these two limits.

Of the two cases, we can argue that the case with a specified transport
“persistence length” (Figure 10b) is more reasonable, as it is more physically based. The other
alternative is somewhat artificial since the deviations in path rank are only allowed at element
interfaces, which in turn are artificial boundaries, while the “transport persistence length,” or
“correlation distance,” is a physical entity that in principle could be measured or estimated

from field data. We therefore use the results in Figure 10b for further analyses.

Figure 10c shows the results from Figure 10b fitted to the one-dimensional ADE
equation. The solution for one-dimensional breakthrough after an instantaneous pulse

injection (e.g., Kdss, 1998) can be expressed for 1, released particles as

, ()

where n(L,t) is the number of particles at distance L and at time ¢, n, is the total number of

particles released at the source, 7, is the mean transit time, and Pe is the Peclet number,

defined by

Pe=— (6)

where D; is the longitudinal dispersion coefficient, v is the mean flow velocity, and L is the
distance between injection and observation. The results in Figure 10b were fitted to equation
(5) by fitting the two free parameters of mean transit time, 7y and Peclet number, Pe. The best
fits were found by minimizing the root-mean-square error between the simulated

breakthrough curves and the analytical model.
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Figure 10. Simulated particle breakthroughs: (a) for various “dispersion levels,” |Am4,
alternative 3 in Table 1, (b) for various ranges of “transport persistence,” N4, alternative 4 in
Table 1, and (c) the one-dimensional ADE fitted to simulated results in (b).

To see how well the simulated results can be fitted the analytical ADE model,
six cases are shown in Figure 11. Visual inspection of the results indicates that the fit is best
for the intermediate range of N4-values and Pe-numbers, while for very low N, the ADE
model produces too much spreading and at high N, (extreme channeling), the ADE model
produces a more extreme peak than the simulation results. A quantitative evaluation of the
fitting error showed that the best fits were obtained for N4-values ranging from 30 to 100,

which correspond to “transport persistence lengths,” d, of 225 to 750 m. It can, however, be

concluded that throughout the range of N values, the fits are relatively good when judged by

visual inspection.
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Figure 11. Histograms of simulated particle breakthrough and their corresponding analytical
fits for a range of average “transport persistence,” N.

The fitted Peclet number is given as a function of the connected path length, N4,
in Figure 12a. Inspection of the results shows that high N, values (i.e., long connected path
lengths) correspond to low Peclet numbers and therefore (as all other terms in equation (5) are
constant) to high dispersion coefficients. Conversely, short connected path ranks correspond
to low dispersion. This is a natural result, because long persistence lengths can be seen as
effect of strong and spatially correlated heterogeneities, which are expected to increase
dispersion. It is of interest to note that N4 values larger than 165 yield “unphysical” Peclet
numbers of less than one, which nevertheless fit the computed tracer breakthrough curve quite

well (see Figures 11e and 11f).

The other fitting parameter, mean transit time, ¢, is relatively constant for a
large range of connected path lengths. However, it is not a very useful or readily measurable
parameter, and therefore of lesser practical interest than the dominant peak-arrival time. The
dominant peak-arrival times are plotted as a function of the “transport persistence” in Figure

12b. The result shows that the longer the connected path length, the faster the peak arrival.
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Figure 12. (a) Peclet number and (b) dominant peak-arrival time as a function of average
“tracer transport persistence,” Ny, determined from 30 regional-scale simulations.

4.3 Regional-Scale Dispersion Coefficient

Figure 13 shows the relationship between macroscale longitudinal dispersion
coefficient and N,. Inspection of the results shows a very strong linear correlation between the
two parameters. It has been shown earlier by Gelhar and Axness (1983) that a direct relation
exists between correlation length of the log conductivity field and macroscale dispersion

coefficient 4; (see, e.g., Domenico and Schwarz, 1998)

4, = (7)

where Y is the log-transformed hydraulic conductivity (¥ = In K), o’y and X are the variance
and correlation length of ¥, and vy is a flow factor that, according to Dagan (1982) (see

Domenico and Schwarz, 1998), can be approximated by one.
In the present study, the correlation of conductivity is kept constant, and thus the

increase in dispersion coefficient in Figure 13 arises from the “persistence” in transport

pathways, which are superimposed on the correlated conductivity field.
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Figure 13. Mean longitudinal macroscale dispersion coefficients as a function of average
“tracer transport persistence,” Ny.

While the present data with its depth trend is too non-ideal to draw any general
conclusions about the form of the relationship in Figure 13, it is still of interest to analyze, in
a preliminary sense, both the slope k& and the minimum value Dy (i.e., the intercept with the

ordinate axis of the fit). We found that k= 1.9 x10® m*® s™' element and Dy =4.5 x10” m?/s.

4.3.1 Background Dispersion due to Heterogeneous Conductivity Field

The minimum value of the dispersion coefficient at the lower limit of Ny =1 can
be considered to represent some kind of background dispersivity on the regional scale. To
confirm this background dispersion, we simulated the regional particle tracking once more by
replacing the block-scale transit time distributions by their individual block-scale mean
values. In this way, all “internal” block-scale variability was eliminated and the regional
particle breakthrough then only reflects dispersion, arising from the heterogeneity in the
regional-scale flow field (due to the correlated conductivity field and its depth-trend). The
results from 30 realizations were again fitted to the analytical ADE. The resulting dispersion
coefficient statistics had a mean of 3.9 x10” m?/s and a standard deviation of 8.5 x10™® mz/s,
which is in good agreement with the background value in Figure 13. A simple substitution of
the data values into equation (7) gives a value 6.4 x10™ m?/s, which is smaller than the
background dispersion coefficient in Figure 13 but is reasonable, as the nonstationarity with

depth can be expected to increase dispersion.
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4.3.2 Dependency of Dispersion Coefficient on Transport “Persistence Length”

To further analyze the characteristics of the linear relationship in Figure 13, we
show here that for a one-dimensional domain, its macroscale dispersion coefficient can be

presented as a linear function of the block-scale dispersion coefficients.

Assume that there exists an effective dispersion coefficient at the defined block-
scale (in our case, 7.5 m), where the dispersion coefficient D,z can be defined as (see,

Domenico and Schwartz, 1998)
V2
Dy =02, (8)

where o5 is the variance of particle breakthrough (variance in particle transit time through
the block), vp is the average linear groundwater flow velocity, and ¢z is the mean transit time
through the block. Then, based on general rules concerning the variance for a sum of random
variables with known variances, the variance in transit times through the entire one-
dimensional domain of Ny connected blocks can be calculated based on the block-scale

variance, O't32 .

The variance in transit time for “persistent passage” through a series of N
connected blocks (i.e., thus fully correlated transit times, such that all covariance terms are

equal to the variance) is determined by the variances for the N dependent populations:

N 2
o, =[Za,3j Vol ©)

Second, the total variance in transit time through N’ independent such segments, at a scale
beyond the “persistence length”, is determined by summing the variances of N’ independent

distributions, i.e., all covariance terms are here equal to zero,

oy =Y 0,=N0o/y (10)

29



Combining these two, the total variance O'tz ~no of a sequence of Ny distributions (in our case
block transit times), containing correlated subgroups (with A inter-correlated distributions

each) yields

2 (& ’ 2,
O-tNO(N):z ZO',B =N N, DLBv_z' (11)
1

B

For N =1 (nonpersistence) atzNo (H=Ny 02,3, while for N = N, (persistence covers the entire
domain) atzNo (Ny) = Noz 0'2tB. Then, in analogy with equation (8), the dispersion coefficient

for the regional-scale domain with N blocks becomes

v ve 2t
D, (N)=—>0/(N)=NS+=£
LO( ) 2, O-tNO( ) V2 21,

Ny D, (12)
where #) is mean transit time through the regional-scale flow domain and vy is velocity
through this domain. Note that, for a one-dimensional stream tube, average velocity and block
velocity must be equal, vo = vz = Ly/tg and tp = Ny X ¢tz where L, is mean trajectory length

through the entire region (in our case Ly = Ny * 7.5 m), which reduces equation (12) to
DLO(N)zNDLB' (13)

In other words, equation (13) states that for a one-dimensional transport path, the total
longitudinal dispersion coefficient is a linear product of the number of intercorrelated blocks
and the block-scale dispersion coefficient. Then, for the data in Figure 13, this would mean
that the proportionality coefficient k= 1.9 x 10®* m* s element™ is equated with some type of

representative block-scale dispersion coefficient.

To test whether this is the case, we use the geometric mean of all block-scale
dispersivities o, determined by fitting block-scale particle-tracking results to the one-
dimensional ADE (section 4.1.1), as the representative block dispersivity. This is justified

because the histogram in Figure 7 is relatively log-normal in appearance, in spite of the “tail”
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at high dispersivity, where the agreement with the ADE model also was its worst. Using this
geometric mean dispersivity, o, (= 12.6), as the basis for the representative block-scale
dispersion coefficient, we get for D= 0z vo = 0lg Lo/tg = 1.89 X 10" m?/s. This is in excellent
agreement with the result in Figure 13, indicating that the relationship in equation (13) is

indeed a promising model for transport-related scaling effect in regional-scale transport.
5. Summary and Conclusions

A regional-scale transport model is proposed that is applicable to nonstationary and
statistically inhomogeneous fractured media: provided that hydraulic flow, but not necessarily
solute transport, can be approximated by equivalent continuum properties at some block scale.
Based on the available hydraulic and fracture geological data, block-scale fracture network
realizations are generated at a scale defined by a valid tensorial continuum representation for
conductivity. Block conductivity values and corresponding particle transit time distributions
are then determined for each of the network realizations at this block scale. These are in turn
used as input for a regional-scale model. In the regional-scale model, flow is solved in a
stochastic continuum framework, while transport is solved by means of a random-walk
procedure. In random walk, the time taken for a particle to traverse an element is sampled

from a transit time distribution linked to that particular block element.

For each network realization i, an effective conductivity tensor is determined at the
block scale. For the same realization, we also obtain a corresponding distribution of transit
times. Results of multiple realizations then provide input to tracer transport calculation at the
regional scale with many block elements. Now, to what extent the sampling of transit time
distributions for each block element in the regional-scale model should be linked to an
upstream element is not obvious. Possible alternatives for sampling the transit time
distributions range from a completely random sampling (where no attention is paid to the
previous history), to a situation where a path rank m is strictly maintained and transport paths
are correlated throughout the model domain. In the latter scenario, a particle that for example
has followed a fast pathway in the previous numerical element is assigned a fast pathway in
the next element as well. Applying this method to a realistic sample data set, our simulations
demonstrate that the choice of connectivity structure is important for regional-scale model

predictions. The peak arrival time can vary by almost an order of magnitude between the most
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extreme scenarios. Intermediate levels of channeled transport is modeled by (alternative 3)
allowing a small change in the path rank at the element interfaces and (alternative 4)
introducing a transport “persistence length,” where the path rank is maintained for a certain

distance.

While both alternatives were tested on the field data set and showed a meaningful
transitional behavior between the two extreme scenarios, alternative 4 was chosen to be
analyzed further. The regional-scale breakthrough curves from this approach were then fitted
to the one-dimensional ADE, in order to determine regional-scale dispersion coefficients, or
alternatively, Peclet numbers. The data agreement with the analytical ADE-model was
satisfactory throughout the range of examined “transport persistence distances” and was best
for intermediate ranges. For very low N values, the ADE model produces too much spreading,
whereas very high N values (extreme channeling) produce a more extreme peak than the

simulated breakthrough curve.

Further analysis of the results shows that there is a clear linear correlation between the
regional-scale dispersion coefficient and the “transport persistence distance.” This is because
large persistence distances cause larger spread of fast and slow particles, which in turn
increase the dispersion coefficient. The macroscale dispersion coefficient D could be linked
to the connective path length or average “transport persistence distance,” quantified by a

number of elements, N, through

D, =D,+N,D,,. (14)

where D, is a background dispersion, caused by the underlying regional correlated
conductivity field and the depth trend in conductivity, and Dy is an effective block-scale
dispersion coefficient. This is found to be equal to the product of the geometric mean of
block-scale dispersivities and the mean velocity from the source to the observation point (o,
v). This is an interesting finding, providing potentially a promising tool for making estimates
concerning regional scale transport based on detailed scale data, even without simulations.

This deserves further investigation including field studies to confirm its validity.
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