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ABSTRACT 

Groundwater flow and solute transport are affected by the connectivity of high hydraulic 

conductivity (K) sediments. This research used numerical modeling and field experiments to 

assess and quantify connectivity and to compare alternative transport models and approaches for 

representing connected heterogeneity. Field work was conducted at the well-known 

Macrodispersion Experiment (MADE) site to investigate transport hypothesized to be controlled 

by a network of highly connected preferential flow paths (PFP). The research results in three 

self-contained, closely related, papers. The first paper evaluates the ability of different transport 

models to reproduce the transport behavior in a synthetic 2-D aquifer system with a high-K 

network embedded in a low-K matrix. Results confirm that the classical Fickian advection-

dispersion model (ADM) is unable to effectively reproduce solute transport unless heterogeneity 

is explicitly considered. Conversely, two non-Fickian models (dual-domain mass transfer and 

continuous-time random walk) are able to accurately match the transport behavior using only 

effective parameters. However, the continuous time random walk model requires a calibrated 

transport velocity that is physically unrealistic. The second paper investigates flow and transport 

connectivity in a small block of the MADE site aquifer. K values estimated from grain size 

analysis of 19 cores are used to generate 3-D conditional realizations of the K field. Anomalous 

transport in the generated K fields is revealed by particle tracking simulations and significant 

connectivity is quantified by a variety of connectivity indicators. Particle paths geometry shows 

that flow and transport connectivity do not require fully percolating high-K clusters. The third 

paper presents the results of new tracer test. Breakthrough curves measured at the extraction well 
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and at 14 multilevel sampling ports along the vertical extension of the MADE site aquifer clearly 

reveal the presence of a complex network of PFPs. Numerical modeling based on experimental 

data shows that the dual-domain mass transfer model successfully captures the characteristics of 

the integrated breakthrough curve at the extraction well, but it is ineffective in reproducing the 

concentrations observed at the multilevel sampling locations, indicating that a high-resolution 

characterization of the aquifer heterogeneity would be needed to fully capture 3D transport 

details. 
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CHAPTER 1 

 

INTRODUCTION 

 

Laboratory and field scale experiments have shown that solute transport can have non-

Fickian characteristics indicated by highly asymmetric plumes with significant mass 

accumulation near the source and extensive spreading to the far field. Such transport behavior 

was observed during three large-scale natural gradient tracer experiments conducted at the 

Macrodispersion Experiment (MADE) site in Columbus, Mississippi [Boggs, 1991; Boggs et al., 

1993; Boggs, 1995]. Analysis of field data collected at the MADE site and the results of several 

studies employing different transport models in order to reproduce the observed concentrations, 

showed that solute transport at the MADE site cannot be reproduced with the classical advection-

dispersion model (ADM). As originally suggested by Harvey and Gorelick [2000] and by 

Feehley et al. [2000], a reasonable hypothesis for the failure of the classical ADM is that the 

MADE site aquifer is characterized by significant connectivity resulting from the presence of a 

network of small-scale bands of high hydraulic conductivity (K) embedded in a less conductive 

matrix. Spatially connected features can significantly reduce the travel time of a fraction of 

solute mass by concentrating flow along the preferential flow paths (PFP), while the remaining 

fraction moves slowly through the matrix. This hypothesis is indirectly supported by the 

effectiveness of mass-transfer based transport models in reproducing the MADE site 

experimental data. The studies of Harvey and Gorelick [2000], Feehley et al. [2000], Julian et al. 
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[2001], Guan et al. [2008], Llopis-Albert et al. [2009], and Liu et al. [2010] are of particular 

importance because the dual-domain mass transfer model was applied.  

With the dual-domain modeling approach, the aquifer is divided in two distinct mobile 

(i.e., the high-K channels) and immobile domains (i.e., the low-K matrix) and the effect of 

unresolved heterogeneities is mimicked by mass transfer processes between the two domains. 

This approach is particularly appropriate for simulating transport in porous and fractured media 

characterized by sharp K contrasts. The dual-domain model also explains the apparent increase 

in solute mass observed during the early stages of the experiments and the apparent mass loss at 

later times because mass transfer to low-K matrix was unaccounted for [Harvey and Gorelick 

2000]. Numerical experiments in synthetic aquifers characterized by a dendritic network of 

decimetric-scale channels embedded in an low-K homogeneous matrix  also support the 

hypothesis that transport at the MADE site is dominated by small-scale PFPs [Zheng and 

Gorelick, 2003; Liu et al., 2004 and 2007]. 

In the last two decades, the importance of connectivity in alluvial aquifers has been 

recognized by several authors. The connectivity of sediments and facies is now considered as 

having dominant effects on groundwater flow and solute transport as the actual K values [e.g., 

Anderson, 1989;; Sànchez-Vila et al., 1996; Webb and Anderson, 1996; Schiebe and Yabusaky, 

1998; Fogg et al., 2000; Labolle and Fogg, 2001; Zinn and Harvey, 2003; Ritzi et al., 2004; 

Knudby and Carrera, 2005; Vassena et al., 2009]. However, fundamental research questions 

regarding the sedimentologic nature, geometry, and scale of the connected lithologic structures, 

how these can be identified, represented and modeled, and which conceptual approach is the 
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most appropriate for characterizing solute transport in these systems, are yet to be fully 

answered.  

This dissertation includes three self-contained, yet closely related, papers describing 

experimental and numerical modeling studies focused on solute transport in heterogeneous 

aquifers characterized significant connectivity of high-K values. The first paper (Chapter 2) 

describes the results of a numerical experiment designed to evaluate the ability of Fickian and 

non-Fickian transport models to reproduce solute transport in a network of 10-cm wide high-K 

channels embedded in an otherwise homogeneous matrix. The K value of the matrix is two 

orders of magnitude lower than that of the channels. Detailed numerical simulations are 

conducted under a set of known hydraulic and transport conditions to obtain reference 

breakthrough curves (BTC) and mass profiles at different locations in the aquifer. Reference 

breakthrough curves are then compared with the results of three transport models that use 

different approaches to overcome the lack of an explicit representation of the channels-matrix 

geometry. These include the ADM, the dual-domain single-rate mass transfer model (DDSR) and 

the continuous time random walk model (CTRW). Fickian and non-Fickian models are evaluated 

on the basis of their performance in reproducing the reference breakthrough curves and mass 

profiles and of their physical consistency. Results confirmed the inadequacy of ADM in 

describing transport processes in aquifers characterized by connected high-K values and 

identified both the CTRW and DDSR models as valid alternatives. However, to achieve a good 

match between reference and simulated data, the CTRW model required a physically unrealistic 

set of calibrated input parameters. In particular the calibrated transport velocity was 13 to 64 
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times that of the groundwater velocity in the reference system. 

In the second paper (Chapter 3), the results of a study aimed at assessing and quantifying 

flow and transport connectivity in a 4m×4m×6m block of the MADE aquifer are presented. A 

total of 1740 of K estimates were used to characterize subsurface heterogeneity. The data set is 

based on the grain size analysis of 5 cm segments of 19 fully penetrating soil cores. Three-

dimensional conditional realizations of the spatial distribution of K are generated with three 

different, well-known geostatistical methods: sequential Gaussian simulation (SGS), sequential 

indicator simulation (SIS) and transition probability indicator simulation (T-PROGS). Flow and 

transport connectivity in each of the generated K fields is measured with indicators and the 

influence of connectivity on groundwater flow and advective transport is assessed from the 

analysis of groundwater flow and particle tracking simulations. The distribution and geometry of 

the particle paths, transport behavior and indicators values are all consistent with significant flow 

and transport connectivity in the investigated block. Particle tracking simulations shows that the 

fastest particles tend to converge along PFPs and then they exit the block in selected small 

patches. These are concentrated at depths ranging from 5 m to 8 m below the land surface. The 

distribution of the preferential flow paths and particles exit locations are clearly influenced by 

the occurrence of the clusters of cells with of high conductivity. A significant finding is that the 

fraction of the particle paths that is within the high K zones range from 11% in the SIS 

realizations to 74% in the T-PROGS fields. This result indicates that particles traveled along 

PFPs jumping from one high-K cluster to another with transitions through lower K zones and, 

consequentially, significant flow and transport connectivity does not necessarily require 
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connected lithologic structures. The shape of the simulated breakthrough curves, with sharp 

peaks at early times and extensive tailing, is also consistent with a transport mechanism 

characterized by the fast movement of a significant number of particles along PFPs indicating 

high degrees of flow and transport connectivity. 

The third paper (Chapter 4) describes the results of a new forced-gradient tracer test 

(referred to as MADE-5) conducted at the MADE site. Four wells were installed at the MADE 

site for tracer injection, extraction and monitoring. Each well is drilled to a total depth of 12.19 

m below ground surface corresponding to the vertical extension of the alluvial unconfined 

aquifer in this sector of the MADE site. The wells used for injection and extraction are screened 

over the full saturated thickness of the aquifer. The distance between the two wells is 6 m. Two 

monitoring wells were installed in between, at a distance of 1.5 m and 3.75 m from the injection 

well. These are equipped with seven, uniformly spaced, independent ports for sampling the 

aquifer at different depths. The test was conducted under dipole forced-gradient hydraulic 

conditions and bromide was used as the conservative and non-sorbing tracer. The highly 

asymmetric BTC measured at the extraction well and the varying and erratic BTCs at different 

depths in the two monitoring wells are indicative of a transport behavior controlled by the 

presence of a complex network of small-scale PFPs. The data set collected during the tracer test 

is also used to test two transport modeling approaches by comparing simulated and observed 

concentrations. Modeling analysis shows that a stochastic ADM based on a of highly resolved 

multi-Gaussian conditional realizations of the K field is not adequate to reproduce either the 

BTCs measured in the two monitoring wells or the transport behavior observed at the extraction 
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well. This result suggests that the level of detail of the available data for generating multiple 

realizations of the K field [Rehfeldt et al., 1992], does not provide enough information to 

effectively apply the ADM at the scale of the MADE-5 experiment. Conversely, a dual-domain 

single-rate mass transfer model (DDSR) based on a less detailed representation of the aquifer 

heterogeneity is able to match the concentration peak and its arrival time at the extraction well 

(error less than 1.5%). However, the accuracy of DDSR is still poor when applied to simulate the 

BTCs observed at the single sampling ports. This result confirms that DDSR model is a valid 

alternative to the classic ADM for modeling overall transport behavior in heterogeneous aquifers 

characterized by high connectivity and PFPs. However, new methods of characterization of the 

aquifer heterogeneity are needed to fully capture the 3-D transport details at the sub-decimeter 

scale.  
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CHAPTER 2 

 

A COMPARATIVE ASSESSMENT OF TWO NON-FICKIAN APPROACHES FOR 
MODELING SOLUTE TRANSPORT IN POROUS  

MEDIA CONTAINING SMALL-SCALE PREFERENTIAL FLOWPATHS1 
 

 

Abstract. This study evaluates the ability of Fickian and non-Fickian transport models to 

reproduce solute transport in a binary heterogeneous dendritic system. The reference system is a 

2-D synthetic aquifer characterized by a network of 10-cm wide channels with high hydraulic 

conductivity embedded in an otherwise homogeneous low-conductivity matrix. The 2-D 

synthetic aquifer used as a reference system had a channel-matrix conductivity contrast of 100:1. 

Detailed numerical simulations were conducted to obtain accurate reference solutions of solute 

migration. Observed breakthrough curves and mass profiles from the reference system were 

compared to predictions based on formulations of the transport problem that do not explicitly 

represent the channels-matrix geometry. Such formulations are the advection-dispersion model 

(ADM), the dual-domain single-rate mass transfer model (DDSR) and the continuous time 

random walk model (CTRW). The objective was to determine the most appropriate model, both 

in terms of goodness-of-fit and consistency with measured physical properties of the reference 

                                                 
1 This chapter constitutes a journal article that was submitted to Water Resources Research. A 

shortened version was published in Calibration and Reliability in Groundwater Modeling: 

Credibility of Modeling,   IAHS Publication 320, in 2008 
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system. Results confirm prior ones noting that the ADM is unable to reproduce transport 

processes in an environment containing a network of connected preferential flowpaths. Both the 

CTRW and DDSR models are able to accurately match observed concentration distributions. 

However, to achieve a match the CTRW model required a transport velocity that was physically 

unrealistic, being 13 to 64 times that of the groundwater velocity in the reference system. 

 

2.1 Introduction 

The effectiveness of the classical Fickian advection-dispersion model (ADM) to describe 

solute transport in highly heterogeneous aquifers has been challenged by many studies. When 

solute transport observed during laboratory and field experiments is characterized by highly 

asymmetric plumes, extensive mass spreading, anomalous mass accumulations near the source, 

and early-time high concentration peaks and late-time low concentration tails, it has been shown 

that the ADM is not able to reproduce the measured concentrations. Transport behavior showing 

such characteristics is generally referred to as non-Fickian, distinguishing it from Fickian 

transport consistent with the ADM. An example of the failure of the ADM is its application to 

simulate the tracer tests at the Macrodispersion Experiment (MADE) site at the Columbus Air 

Force Base in Mississippi (U.S.A.) [Adams and Gelhar, 1992; Boggs et al., 1992; Boggs et al., 

1993]. The presence of a network of high conductivity (K) preferential flow paths (PFPs) 

embedded in low conductivity matrix was suggested as the possible explanation of the observed 

non-Fickian transport behavior not reproducible by the ADM [Feehley et al., 2000; Harvey and 
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Gorelick, 2000].  

Non-Fickian transport models can be a valid alternative to the classical ADM. The dual-

domain mass transfer model implies that the aquifer can be characterized by different transport 

regimes. Transport is advection-dominated in zones where groundwater flow occurs (e.g., in the 

PFPs), while diffusion is the predominant transport process in zones of stagnant groundwater 

(e.g., in the low conductivity matrix). The dual-domain single-rate mass transfer (DDSR) model 

was successfully applied to reproduce the observed tracer plumes at the MADE site [Feehley et 

al., 2000; Harvey and Gorelick, 2000; Julian et al., 2001]. Flach et al. [2004] used a dual-domain 

model to simulate tritium migration from the H-area seepage basins at the Savannah River Site. 

The dual-domain approach also has been widely applied to model the effect of matrix diffusion 

processes on solute transport in fractured media [e.g., Grisak and Pickens, 1980; Birgersson and 

Neretnieks, 1990; Jardine et al., 1999; Polak et al., 2003; Zhou et al., 2006 and 2007]. A further 

development of the DDSR model is the ‘‘multirate’’ model, which accounts for different rates 

and types of mass transfer [Haggerty and Gorelick, 1995, Harvey and Gorelick, 1995; Haggerty 

et al., 2000]. 

A recent development in non-Fickian transport is the continuous time random walk 

(CTRW) model. Since its introduction in the context of geologic materials [Berkowitz and Scher, 

1995], the CTRW has been applied to simulate solute transport in fracture networks [Berkowitz 

and Scher, 1998], to analyze a tracer test in a fractured till [Kosakowski et al., 2001], to 

reproduce the integrated mass profile observed during the MADE-1 tracer experiment 

[Berkowitz and Scher, 1998], and to model breakthrough curves measured during laboratory 
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columns experiments [Levy and Berkowitz, 2003; Cortis and Berkowitz, 2004; Xiong et. al, 

2006]. The mathematical basis of the CTRW theory has been presented in several previously 

published papers [e.g., Margolin and Berkowitz, 2000 and 2002; Berkowitz et al., 2002; Cortis et 

al., 2004a and 2004b; Dentz et al., 2004]. 

Previous studies have analyzed the characteristics of transport in flow fields influenced 

by decimeter-scale preferential flow paths [Zheng and Gorelick, 2003; Liu et al., 2004 and 2007; 

Gorelick et al., 2005]. The PFP dendritic networks used for the numerical experiments 

implemented in these studies were generated using an invasion-percolation algorithm based on 

Stark [1991]. The geometric controls on the effective permeability of such networks, in 2-D, was 

investigated by Ronayne and Gorelick [2006]. Zheng and Gorelick [2003] showed that when the 

conductivity contrast between channels and matrix is sufficiently high (>100:1), transport 

displays highly non-Fickian characteristics. Since the concentration distributions calculated in a 

2-D PFP network embedded in an aquifer were similar to those observed at the MADE site, this 

result was considered a further indication that transport at the MADE site is dominated by small-

scale PFPs. Liu et al. [2004] investigated the applicability of the ADM in a synthetic aquifer 

containing 3-D PFP networks with different conductivity contrasts and source configurations. 

When the solute source was contained in the matrix, results showed that the ADM did not 

accurately reproduce solute behavior for conductivity contrast greater than 10:1. When the 

source was distributed both in the matrix and in the high-K channels, a conductivity contrast of 

20:1 was found as the limit of applicability for the ADM model. Recently, Liu et al. [2007] used 

similar numerical experiments to evaluate the applicability of the DDSR model. Their study 
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showed the DDSR model can reproduce non-Fickian transport behavior reasonably well, but its 

accuracy is influenced by different conductivity contrasts, PFP network geometries and 

molecular diffusion coefficient values.     

In this study, we extend the analyses of these previous works to include the CTRW 

model. We first conducted a numerical experiment to simulate transport in a synthetic aquifer 

characterized by a decimeter-scale PFP network under a set of known hydraulic and transport 

conditions. Observed breakthrough curves from this detailed reference system are then used to 

calibrate input parameters contained in the ADM, CTRW and DDSR models. Finally, Fickian 

and non-Fickian models are evaluated on the basis of their performance in reproducing observed 

breakthrough curves and mass profiles, and of their physical consistency. To our knowledge, this 

is the first time that a systematic comparison of these models has been performed and the first 

time that the CTRW model has been applied to simulate transport in a flow field characterized by 

PFPs in permeable media. The results of this paper could be useful in determining the most 

appropriate model for characterizing the transport behavior in systems where a network of 

decimeter-scale PFPs is considered an important controlling factor. 

2.2 Transport models and methodology 

Numerical simulations were conducted to assess the effectiveness of different transport 

models in reproducing physical solute transport processes in aquifers containing decimeter-scale 

PFPs. A detailed advection-diffusion transport model was implemented to represent the PFP 

channel-matrix system explicitly. In this work, this model is referred to as the reference PFP 
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network model. Generated concentration distributions were considered representative of the 

“true” solute concentration distributions in space and time for an aquifer characterized by a 

network of high-K interconnected structures embedded in a low-K matrix. Concentrations 

distributions from the reference PFP network model were integrated along the direction 

perpendicular to the general flow direction. This study focuses on the ability of the spatially 

integrated one-dimensional (in the direction of flow) Fickian and non-Fickian models, without 

explicit PFPs represented, to reproduce the transport behavior obtained from the reference PFP 

network model. Breakthrough curves at selected locations were used to calibrate the effective 

parameter values for the up-scaled models, while mass profiles were used to quantify the 

goodness-of-fit in reproducing the observed mass distributions at different times. 

2.2.1 PFP network model 

Advective and diffusive transport of a conservative solute in a 2-D groundwater flow 

system is expressed by the following equation: 
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where C is the solute phase concentration, θ is the effective porosity, D* is the molecular 

diffusion coefficient in the porous medium, qi is the specific discharge component in the x or y 

direction, and Cs is the solute concentration of the fluid sink/source flux qs, t is time, and xi or xj 

are each used to represent orthogonal coordinate directions. 

A 2-D finite-difference model was implemented to solve Equation 2.1 and analyze 
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groundwater flow and solute transport behavior. The spatial configuration and boundary 

conditions for the flow and transport model (Figure 2.1) are similar to those presented in Zheng 

and Gorelick [2003]. The modeled flow domain is 200 m long by 50 m wide and it was 

discretized into a block-centered finite-difference grid consisting of 454 rows and 800 columns. 

Steady state flow in a confined aquifer was simulated using the MODFLOW code [Harbaugh et 

al., 2000]. The following boundary conditions are applied to the flow model: zero gradient 

representing no-flow along the eastern and western boundaries, a uniform specified head 

(Dirichlet boundary condition) along the southern boundary and a uniform specified flux 

(Neumann boundary condition) along the northern boundary. This specified flux gives a 

discharge equal to 0.138 m3/day, and it was iteratively determined to achieve a mean hydraulic 

gradient of 0.003. A PFP channel-matrix system is located in the 20 m by 10 m area in the 

middle of synthetic aquifer. A regular grid spacing of 2.5 cm is used in this area, for a total of 

32,000 cells. High-K channels are assumed to be 10 cm wide and therefore four cells are 

required to contain the width of each channel. The grid spacing in the two surrounding buffer 

zones is progressively coarser toward northern and southern boundaries.  The purpose of the two 

surrounding buffer zones is to minimize boundary effects in the area selected for detailed 

transport analysis. The PFP network was generated using an invasion percolation algorithm 

based on Stark [1991]. The same approach has been used in Liu et al. [2004 and 2007], Gorelick 

et al. [2005] and Ronayne and Gorelick [2006] and the reader is referred to these studies for a 

complete description of the percolation algorithm and example realizations. A uniform K value 

of 24 m/day is assigned to the cells representing the high-K PFPs, while 0.24 m/day is assigned 
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to the surrounding low-K matrix. Hence the conductivity contrast between the high-K PFPs and 

the low-K matrix is 100:1. The buffer zones have a uniform K of 2.3 m/day. This value is equal 

to the effective K of the PFP channel-matrix system, and it was determined by applying Darcy’s 

law between the northern and southern margins of the area with PFPs. 
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Figure 2.1: Reference PFP network model showing geometry and boundary conditions 
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The transport model was implemented only in the area with preferential flow paths and 

detailed analysis of the simulation results was conducted in the central zone (the shaded area in 

Figure 2.1) such that the influence of the boundary conditions was negligible. Only advection 

and diffusion were simulated. Mechanical dispersion was not considered because heterogeneities 

at scales greater than 2.5 cm causing mechanical dispersion were explicitly and completely 

represented by the PFP channel-matrix system.  It was assumed that mechanical dispersion 

occurring over a transport distance of 2.5 cm is negligible.  The MT3DMS code [Zheng and 

Wang, 1999; Zheng, 2006] was used to model solute transport. The solution of the advective 

component in Equation 2.1 was calculated with the highly accurate mass conservative total-   

variation-diminishing (TVD) scheme to minimize the error associated with numerical dispersion. 

Table 2.1: Physical parameters of the reference PFP network model 

Parameter  

Conductivity contrast (Kchannel/Kmatrix) 100:1 

Channels volume fraction   0.223 

Matrix volume fraction 0.777 

Effective hydraulic conductivity (m/day) 2.3 

Ambient hydraulic gradient  0.003 

Molecular diffusion coefficient (m2/day) 8.64×10-6 

Longitudinal dispersivity (m) 0 

Porosity  0.3 

Total inflow (m3/day) 0.138 

Average advective velocity (m/day) 0.023 
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A numerical Courant number of 0.75 was used in the simulation to limit time steps. A 

constant solute concentration source is located along the northern margin of the transport domain 

and it is simulated by assigning a uniform specified concentration value to the corresponding row 

of the finite-difference grid. No-mass-flux conditions are applied along the eastern and western 

boundaries of the transport domain, and a free advective mass outflow boundary is applied along 

the southern border. A uniform porosity equal to the effective porosity of 0.3 is assigned to the 

entire modeled domain and the molecular diffusion coefficient is set equal to 8.64·10-6 m2/day, 

which represents a typical value for solutes in groundwater. A summary of the physical 

parameters of the PFP network model are presented in Table 2.1. 

2.2.2 Advection-dispersion model (ADM) 

With the advection-dispersion model, the effect of small scale heterogeneities that cannot 

be resolved with field data is simulated by introducing mechanical dispersion. Equation 2.1 can 

be modified such that instead of considering the molecular diffusion coefficient alone, the full 

hydrodynamic dispersion tensor Dij can be evaluated.  However, for comparison between the 

ADM and the DDSR and CTRW models, we consider 1-D advective-dispersive transport.  We 

built an equivalent homogeneous system with uniform groundwater flow aligned with the y axis.  

In that case, the hydrodynamic dispersion tensor reduces to a dispersion coefficient:   

vD α=                                     (2.2) 

where α is the dispersivity. The groundwater velocity, q/θ, was set equal to 0.023 m/day based 

on assigning a single effective K value of 2.3 m/day to the entire system. The dispersivity was 
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taken as a single value calculated by applying spatial moment analysis to the 2-D concentration 

distribution in the original PFP channel-matrix reference system in the direction of flow 

[Freyberg, 1986; Liu et al., 2004]. The estimated dispersivity value is 1.04 m. All other model 

properties including source configuration, ambient groundwater flux and boundary conditions 

are the same as in the original PFP network model. 

2.2.3 Continuous time random walk 

In this section we present a summary of the theory of the CTRW approach and a 

description of the characteristics of the CTRW model we implemented for comparison with the 

PFP network reference model. A comprehensive review of the CTRW theory can be found in 

Berkowitz et al. [2006].   

 With the CTRW approach, solute transport can be conceptualized by considering 

solute particles executing a series of steps, or transitions, in the porous media following different 

paths and at different velocities. For a 1-D statistically homogeneous domain, the equation 

governing the distribution in space and time of the Laplace-transformed concentration ),(~ xuc  is 

given by [Cortis and Berkowitz, 2005]: 

⎥
⎦

⎤
⎢
⎣

⎡
−

∂
∂

−
∂

∂
−=− 2

2

0
),(~),(~

)(~)(),(~
x

uxcD
x

uxcvuMxcuxcu ψψ

          (2.3) 

where: 

)(~1
)(~

)(~
u

uutuM
ψ

ψ
−

=
                           (2.4) 



 

20 

is a memory function whose purpose is to reproduce the effects of unknown small-scale 

heterogeneities. In Equations 2.3 and 2.4, u is the dimensional Laplace variable, c0(x) is the 

initial concentration, t  is a characteristic time, the symbol ~ identifies the Laplace-transformed 

variable, and ψv  and ψD  are the transport velocity and dispersion coefficient respectively. 

Dispersivity α is defined by the ratio ψD / ψv . The function )(~ uψ  can take different forms and 

each form identifies a different transport behavior. For example, when )(~ uψ  is the Laplace 

transform of an exponential function in time, Equation 2.3 reduces to the classical advection-

dispersion equation. Among the different functional forms of )(~ uψ  (e.g., power law, asymptotic, 

fractional-in-time derivative), we considered the truncated power law (TPL) model [Dentz et al., 

2004; Cortis and Berkowitz, 2005]: 
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where Γ(a, x) is the incomplete Gamma function and τ2 is the ratio t1/t2. With a TPL distribution, 

the transport behavior is defined by the values of the exponent β and of the two truncation times 

t1 and t2. For transport times t between t1 and t2 ( 21 ttt <<<< ), the transport regime is non-Fickian 

when 20 << β . After a sufficient amount of time 2tt >> , transport becomes Fickian. When 

2>β , the transport process approaches Fickian behavior as soon as transport time 1tt >> .  

The 1-D CTRW model implemented for this study was developed with the CTRW 

MATLAB toolbox v2.6 [Cortis et al., 2006]. Model setup and boundary conditions were 

designed to be consistent with those of the PFP network model. Five input parameters were 
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needed to fully describe the transport behavior: transport velocity ψv , diffusion coefficient ψD , 

the exponent β, and two truncation times t1 and t2. These were estimated through an automatic 

fitting procedure based on a multidimensional unconstrained nonlinear minimization algorithm 

(Nelder-Mead simplex method) included in the CTRW MATLAB toolbox. This algorithm 

minimizes the normalized error between the concentration values predicted by the CTRW model 

and those observed in the PFP network model. 

2.2.4 Dual-domain single rate mass transfer (DDSR) model 

The dual-domain approach for modeling contaminant transport in porous media 

conceptualizes the aquifer as consisting of two distinct transport regimes: the mobile and the 

immobile domains. In the mobile domain, pore space is filled with water that can actually move 

through the porous structure and solute transport is mainly due to advection. Pores in the 

immobile domain are filled with stagnant water and molecular diffusion is the main transport 

process. This separation into two distinct, but coexisting, domains is particularly suitable in 

reproducing transport when high-K structures, such as fractures or layers of coarse sediments, 

are embedded in a low-K matrix, represented, for example, by the rock masses surrounding 

fractures or by clay and silt deposits of a flood plain in a fluvial depositional system. For a 

conservative solute, the governing equations for the DDSR model are the following [Zheng and 

Bennett, 2002]: 
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where Cm and θm are the concentration and porosity in the mobile domain, Cim and θim are the 

concentration and porosity in the immobile domain, Dij is the dispersion tensor in the mobile 

domain and ξ is the fist-order mass transfer rate coefficient. The total porosity of the system is 

given by the sum of the mobile and immobile porosities. The coefficient ξ controls the exchange 

of solute mass between the two domains. As ξ increases, the exchange becomes faster and 

eventually, for ξ → ∞, the dual-domain approaches the transport regime of a single-domain with 

porosity equal to the total porosity. On the other hand, as ξ decreases, mass exchange is limited, 

and when ξ → 0 the dual-domain acts as a single-domain with porosity equal to the mobile 

porosity. 

For an aquifer characterized by preferential flow paths, the rationale behind the 

application of the DDSR model is that the high-K channels represent the mobile domain while 

the low-K surrounding matrix represents the immobile domain. In the high-K channels, transport 

is predominantly by advection and solute mass is exchanged by diffusion from the channels to 

the matrix and vice versa. The direction of these exchanges depends on the direction of the 

concentration gradient between mobile and immobile domains. In this sense, the low-K matrix 

acts as a mass sink/source term for the high-K pathways. 

The implemented DDSR model was designed to be consistent with the PFP network 

model. The model domain, grid spacing, and boundary conditions are the same as previously 

described. As for the ADM, the K distribution is homogeneous with a value equal to the effective 
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K calculated for the zone with PFPs (2.3 m/day). Longitudinal dispersivity was estimated using 

the non-linear least-square optimization approach based on the Levenberg-Marquard method 

included in the CXTFIT code [Toride et al., 1999]. The objective function of the minimization 

algorithm is the sum of the squared residuals between predicted and reference concentration 

values in four generated breakthrough curves.  

Two additional parameters were specified: the mobile to total porosity ratio and the first-

order mass transfer rate coefficient. Different methods can be used to estimate the mobile to total 

porosity ratio. Harvey and Gorelick [2000] proposed to estimate the Peclet number (Pe) for 

different subregions of the aquifer and to assign these subregions to the mobile or immobile 

domain depending on the value of the estimated Pe. Where Pe is large, the transport behavior is 

predominantly advective and therefore these can be assigned to the mobile domain while in 

subregions with low Pe, where transport is mainly dispersive, are assigned to the immobile 

domain. The volume fractions of mobile and immobile zones are then used to estimate the 

mobile and immobile porosities. Another method [Flach et al., 2004] considers the effective K of 

the aquifer as the appropriate threshold value for partitioning the total volume of the aquifer into 

mobile and immobile zones. Zones where K is less then the effective value are assigned to the 

immobile domain and vice versa. Similar to the method based on the Peclet number, the 

volumetric fractions of mobile and immobile zones are used to calculate mobile and immobile 

porosities. Recently Liu et al. [2007] proposed to determine the mobile to total porosity ratio on 

the basis of the equivalency between the flow rate in a dendritic network system similar to the 

one considered in this study though three-dimensional, and that in the corresponding dual-
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domain system. This was conceptualized as being composed of relatively mobile strips of PFPs 

embedded in a relatively immobile matrix. Applying Darcy’s law, the mobile porosity fraction Φ 

is then defined as [Equation 4 in Liu et al., 2007]: 
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=Φ                            (2.7) 

where KN is the effective conductivity of the PFP channel-matrix system, KM is the matrix 

conductivity and KC is the conductivity of the high-K channels. With this approach, the low-K 

matrix is approximated as the immobile domain in the dual-domain model.  

In this study, the mobile porosity fraction was assumed equal to the ratio between the 

volume of high-K channels and the total volume of the PFP channel-matrix system. The mobile 

porosity was then calculated as: 
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where VC is the cumulative high-K channels volume, VN is the total volume of the PFP channel-

matrix system, and the total porosity (θm + θim) is set equal to 0.3, which is the uniform single 

porosity in the original PFP network model. The volume fraction of high-K channels in the PFP 

network is 0.223, which yields a mobile porosity value of 0.067, while the immobile porosity is 

0.233. This approach gives a value of Φ larger than the one determined using Equation 2.7 

because it assumes that all the branches in the PFP network can transport solute and no dead-end 

branches are present. This assumption is justified by the geometry of the PFP network 

considered in this study. The PFP network is oriented (with respect to the average flow direction) 
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such that every high-K channel can transport solute. Similar to the method proposed by Liu et al. 

[2007], our method for estimating the mobile porosity fraction implies that transport in the low-

K matrix is exclusively by diffusion. Even though it is reasonable to assume that in the low-K 

matrix solutes are transported only by diffusive processes, advection could not be completely 

absent. When applying the DDSR model, the systematic underestimation of the importance of 

advective transport actually occurring in the low-K matrix can lead to an inaccurate 

representation of transport behavior. However, the error associated with the assumption of solely 

diffusive transport in the low-K matrix becomes insignificant if the hydraulic conductivity 

contrast between the channels and the matrix is sufficiently high [Liu et al., 2007]. The 

conductivity contrast in the synthetic aquifer developed for this study is 100:1. This value is 

significantly high to neglect advection as dominant in the immobile domain. 

The first-order mass transfer rate coefficient is more difficult to quantify because it is 

strongly dependent on several factors including the nature of the flow field, the geometry of 

mobile/immobile domains, and the timescale of plume migration [Flach et al., 2004; Gorelick et 

al., 2005]. Gorelick et al. [2005] developed an empirical equation to estimate the mass transfer 

rate coefficient for permeable media containing a 3-D dendritic preferential flow network. With 

this equation, the mass transfer rate coefficient can be determined once the general properties of 

the network (i.e., the matrix and channels conductivities and the dimensions and volume fraction 

of the channels) are known. Since the PFPs network in our synthetic aquifer is 2-D, we applied a 

simplified approach and estimated the fist-order mass transfer rate coefficient, along with the 

longitudinal dispersivity, through the automatic fitting procedure included in the CXTFIT code 
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[Toride et al., 1999]. The calibration approach is commonly used for determining ξ [e.g., 

Griffioen et al., 1998; Harvey and Gorelick, 2000 and Feehley et al., 2000].  

In the reference PFP network model, the solute source is distributed along the northern 

margin of the transport domain both in cells representing high-K channels and in cells 

representing the low-K matrix. This configuration of the mass source was simulated in the 

DDSR model by distributing the initial mass according to the volume fractions of mobile (the 

high-K channels) and immobile (the low-K matrix) zones. With this assumption, about 22% of 

the initial mass is located in the mobile domain and about 78% of the total initial mass is located 

in the immobile domain. 

2.2.5 Model evaluation criteria 

Concentration distributions predicted by the ADM and the non-Fickian models are 

quantitatively compared with the concentrations from the reference system in which the PFP 

network was explicitly represented. Two different sets of data were used in the evaluation 

process.  

The first set refers to concentration values in time (breakthrough curves) recorded at four 

observation points at 2.5, 5.0, 7.5 and 10 m from the solute source. These reference breakthrough 

curves were also used to calibrate the input parameter values for the CTRW and DDSR models. 

For each observation point n, the root mean square error (RMSE) between calculated and 

observed concentrations at different times is defined as: 



 

27 

2

1
0

,

0

,
,

1 ∑ = ⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
−= obst

t

MODEL
tn

PFP
tn

obs
nBTC C

C
C

C
nt

RMSE             (2.9) 

where, ntobs is the number of time observations, C0 is the specified concentration at the solute 

source, PFP
tnC ,  is the concentration observed for the reference PFP network model, and MODEL

tnC ,  is 

the concentration calculated by the ADM or the non-Fickian models. As noted previously, for 

comparison with predictions from 1-D models (ADM, CTRW and DDSR), the observed 

concentrations from the PFP network model were laterally integrated normal to the general flow 

direction. The lateral directions correspond to the rows (x-direction) in the finite-difference grid 

used for the numerical analysis. The concentration PFP
tnC ,  at time t is then calculated as: 

∑
∑
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=
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1
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            (2.10) 

where NCOL is the number of columns in the finite-difference grid and ),( jiCt  is the calculated 

concentration in the cell ),( ji  with pore volume ),( jiV . The nth-observation point is located in 

the ith-row. For the DDSR model, we considered solute mass in both immobile and mobile 

domains and then DDSR
tiC ,  is calculated according to the following: 

)()1()( ,,, iCiCC timtm
DDSR
ti Φ−+Φ=                            (2.11) 

where )(, iC tm  and )(, iC tim  are the concentrations in the mobile an immobile domains, 

respectively.  

The second set of data is a time series of solute mass profiles. The accuracy of the 
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implemented models in reproducing solute mass distributions at different times is quantified 

using the following: 
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where NROW is the number of rows in the finite-difference grid,  M0 is the mass at the 

continuous solute source, PFP
tiM ,  and MODEL

tiM , are the solute masses, at time t, observed in the 

PFP network model and calculated by the ADM, CTRW or DDSR models, respectively. The 

integrated mass PFP
tiM , along row i at time t, is defined as: 

),(),(
1, jiVjiCM

NCOL

j t
PFP
ti ⋅= ∑ =             (2.13) 

RMSEBTC and RSMEMP are statistical measures of the accuracy of the ADM, CTRW and 

DDSR models in predicting the “true” concentrations observed in the reference PFP network 

model. Better predictions are associated with RMSE values that are closest to zero.  

2.3 Results 

In this section, we present the results of the calibration of the parameters for the non-

Fickian models and comparison between the observed and predicted mass profiles. It is 

nevertheless important first to summarize the main features of solute transport observed in the 

reference PFP network model.  

Solute transport in the reference synthetic aquifer is strongly affected by PFPs, with 

solute mass moving preferentially along the high-K channels and then diffusing into or from the 
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surrounding matrix. Concentration distributions show a highly asymmetrical, non-Fickian pattern 

with extensive spreading of the plume to distances relatively far from the solute source and 

anomalous mass accumulation close to the source. This transport behavior, which was also 

observed by Zheng and Gorelick [2003], can be clearly seen in the integrated (perpendicular to 

the general flow direction) mass profiles at different times (Figure 2.1). A quantitative 

characterization of the predominantly advective nature of solute transport in the PFP channel-

matrix system is given by the Peclet number. It can be computed as [Liu et al., 2007]: 

*D
ILKPe N

θ
=                (2.14) 

where I is the ambient hydraulic gradient and L is a characteristic length. An advection 

dominated transport regime is characterized by a high Pe. For the PFP network model, 

considering L equal to the width of the high-K channels (10 cm) and KN equal to 2.3 m/day, the 

calculated Pe is 266. This value indicates dominance of advective transport over diffusion 

processes. As expected, advection is even more dominant within the high-K channels (K =  24 

m/day) where Pe is equal to 2777. Diffusion is a relatively more important process within the 

low-K matrix (K= 0.24 m/day) where the Pe is equal to 28. 
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Figure 2.2: Concentration distribution (a) and mass profile integrated over x (b) in the PFP 

channel-matrix system at time equal to 0.14 pore volume. M is the integrated mass. M0 is the 

mass at the source 

Comparisons of the calculated RMSEBTC and RMSEMP for the ADM, CTRW and DDSR 

models are presented in Table 2.2 and Table 2.3. Results show that the ADM is not able to 

reproduce the transport behavior observed in the reference PFP network model. This is evident 

from the comparison of both observed and predicted breakthrough curves (Figure 2.3) and mass 

profiles (Figure 2.4). In particular the ADM systematically underestimates concentrations at 

early times and it overestimates concentrations at later times. The underestimation of observed 

concentrations at early times can be explained by the fact that the ADM is not able to reproduce 

the extensive mass spreading caused by solute transport along the high-conductivity channels. A 

similar predictive failure was observed when the ADM has been applied to simulate the bromide 

and tritium plumes at the MADE site.  
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Table 2.2: RMSEBTC for the ADM, CTRW and DDSR models breakthrough curves. Smaller 

values indicate better fit to the reference PFP network model. 

RMSEBTC 
Distance from source (m) 

ADM CTRW DDSR 

2.5 0.178 0.067 0.031 

5.0 0.104 0.012 0.018 

7.5 0.091 0.017 0.016 

10.0 0.114 0.007 0.023 

mean 0.122 0.026 0.022 

Table 2.3: RMSEMP for the ADM, CTRW and DDSR models breakthrough curves. Smaller 

values indicate better fit to the reference PFP network model. 

RMSEMP 
Time (pore volume) 

ADM CTRW DDSR 

0.14 0.177 0.092 0.081 

0.23 0.181 0.082 0.075 

0.46 0.171 0.060 0.055 

0.69 0.159 0.047 0.044 

0.92 0.153 0.039 0.039 

1.15 0.138 0.033 0.033 

1.38 0.115 0.027 0.027 

1.61 0.090 0.022 0.020 

1.84 0.067 0.018 0.015 

2.07 0.049 0.015 0.011 

2.30 0.035 0.012 0.008 

mean 0.121 0.041 0.037 
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The mean RMSEMP for the implemented ADM is 0.121, which is about three times the 

corresponding values calculated for the CTRW and DDSR models (0.041 and 0.037, 

respectively). The highest RMSEBTC value (0.178) is associated with the observation point at 2.5 

m from the source. 
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Figure 2.3: Breakthrough curves comparison for the ADM (black circles: PFP reference system; 

solid line: prediction from the ADM) 
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Figure 2.4: Solute mass profiles comparison for the ADM (dashed line: PFP reference system; 

solid line: prediction from the ADM). 

As previously mentioned, the five input parameters for the CTRW model ( ψv , ψD , β, t1 

and t2) were estimated by a direct search optimization algorithm. The optimization procedure 

seeks to minimize the objective function represented by the total normalized residual between 

predicted and reference concentration values in four breakthrough curves. The identified 

objective function minimum is equal to 3.0433 which corresponds to an optimal value of 0.159 

for the exponent β, and to optimal values of 0.16 and 117.68 for the two truncation times t1 and 

t2 of the truncation power law function (Equation 2.5). These identified truncation times t1 and t2 
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are equivalent to 3.68×10-4 and 0.271 pore volumes, respectively. According to the CTRW 

theory [Cortis and Berkowitz, 2004; Dentz et al., 2004], these values indicate that the transport 

regime is highly non-Gaussian (β << 2) for transition times between 3.68×10-4 and 0.271 pore 

volume. In this time interval, the transport process can be described by a truncated power-law 

function. For transition times greater than t2 (0.271 pore volume), transport becomes Fickian and 

the center of mass, velocity, and dispersivity values can be treated as constants. The transition to 

Fickian behavior, evidenced by the CTRW model, can be explained by the mass source 

configuration in the transport experiment. Since the source is continuous, the most anomalous 

transport behavior is observed at early times. As more mass enters the system, concentration 

inside the transport domain tends to become uniform and at some point it becomes equal to the 

input concentration at the source. During this evolution, transport behavior progressively 

becomes less dependent on the heterogeneity of the system. This is also the reason for the 

decreasing RMSEMP with time and explains the fact that the highest RMSEBTC is associated with 

the observation point closest to the source. The best-fit transport velocity and the best-fit 

dispersion coefficient values for the CTRW model are equal to 1.484 m/day and 1.865 m2/day, 

respectively. The consistency of these values with those imposed in the reference PFP network 

model will be discussed in the next section. 

To assure that the identified input parameters correspond to the true global minimum of 

the objective function used in the optimization procedure a thorough analysis of the 

minimization process was performed. In particular, we tested the optimization algorithm by 

estimating the values of four input parameters while keeping constant one selected parameter 



 

35 

value, the transport velocity ψv  or the exponent β. Several objective function values were 

obtained for different values of ψv  and β. We also estimated objective function values 

corresponding to transport velocities equal to the effective velocity imposed in the reference PFP 

channel-matrix, and to the velocities in the high-K channels and in low-K matrix of the reference 

system, respectively. Appendix A presents the identified input parameter values for optimization 

runs corresponding to objective function values within 1% of the identified global minimum 

(3.0433 ± 0.0304). Figure 2.5 shows the behavior of the objective function as a function of the 

identified transport velocity values. Results suggest that the previously mentioned input 

parameter values for the CTRW model (highlighted in bold) correspond to the global minimum 

of the objective function. Nevertheless, as ψv  increases, the sensitivity of the objective function 

with respect to this parameter decreases and it becomes almost zero for transport velocities 

higher than about 1.5 m/day. It is also noteworthy that when ψv is set equal to the effective 

velocity of the PFP channel-matrix system (0.023 m/day), the correspondent objective function 

value is significantly higher that the global minimum (14% too high). 

Calibration results of the CTRW model based on the identified global minimum show a 

good match between reference data and predictions (Figure 2.6). RMSEBTC values lie between 

0.007 and 0.067, with a mean of 0.026. The CTRW model is particularly accurate in reproducing 

the breakthrough curves at the observation points located at 5.0 m and 10.0 m from the source. 

Mass profiles predicted by the CTRW model show generally good agreement with those 

observed in the PFP network model (Figure 2.7). Relatively high RMSEMP values of 0.091 and 
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0.082 were calculated for the mass profiles observed at times equal to 0.14 and 0.23 pore 

volume, indicating that the CTRW model tends to overestimate mass accumulation close to the 

source at early times. 
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Figure 2.5: Objective function values determined by the CTRW MATLAB toolbox and 

corresponding transport velocities. Gray circles indicate optimization runs where vΨ was 

constrained. Squares indicate optimization runs where vΨ was constrained. Black triangles 

indicate optimizations runs where vΨ was set equal to the velocity in the low-K matrix, in the 

high K channels and to the effective velocity in the PFP channel-network system. The black 

circle indicated the optimized vΨ value used for calculating the breakthrough curves and mass 

profiles for the CTRW model.  
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Figure 2.6: Breakthrough curves comparison for the CTRW model (black circles: PFP reference 

system; solid line: prediction from the CTRW model). 

Calibration results for the DDSR model are shown in Figure 2.8. The estimated 

dispersivity and mass transfer rate coefficient values are equal to 0.068 m and 1.886×10-3 day-1, 

respectively. The dispersivity value is significantly lower than the value estimated by moment 

analysis (1.04 m) and confirms that mechanical dispersion becomes secondary in a dual-domain 

system because most of the effect of mechanical dispersion is already accounted for by the mass 

transfer process. Other studies have shown that calibrated values of longitudinal dispersivity for 

DDSR models are smaller than those calculated by moment analysis or estimated by calibration 
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of ADM models [e.g., Feehley et al., 2000; Julian et al., 2001; Liu et al., 2007]. RMSEBTC ranges 

between 0.016 and 0.031. The DDSR model reproduces particularly well the breakthrough curve 

at the observation point located at 2.5 from the source. The DDSR model accurately predicts the 

observed mass profiles (Figure 2.9). Compared to the CTRW model (Figure 2.7), the DDSR 

gives a better representation the mass distribution near the source area especially at early times. 

The ability of the DDSR model to provide a good representation of the integrated mass 

distribution in the near-source region was also observed in Liu et al. [2007]. 
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Figure 2.7: Solute mass profiles comparison for the CTRW model (dashed line: PFP reference 

system; solid line: prediction from the CTRW model). 
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Figure 2.8: Breakthrough curves comparison for the DDSR model (black circles: PFP reference 

system; solid line: prediction from the DDSR model). 
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Figure 2.9: Solute mass profiles comparison for the DDSR model (dashed line: PFP reference 

system; solid line: prediction from the DDSR model). 

2.4 Discussion 

A detailed numerical experiment was conducted to study solute transport in an aquifer 

characterized by a network of high-K PFPs embedded in a low-K matrix. Since in practice a 

complete reconstruction of the detailed heterogeneity represented in the PFP network is not 

obtainable using either direct or indirect underground geological exploration methods, we 

applied the classical Fickian ADM and two non-Fickian models (CTRW and DDSR) to simulate 
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the transport process without explicit representation of the PFPs. These models use different 

approaches to overcome the lack of an explicit representation of the detailed heterogeneity. For 

the ADM, mechanical dispersion accounts for the effects of the unknown small scale 

heterogeneities. For the CTRW, the effect of heterogeneity is accounted for using a memory 

function (Equation 2.4) while, for the DDSR, it is through the introduction of effects of 

storage/release from immobile/mobile domains in the aquifer (Equation 2.6). 

Results show that the ADM does not adequately simulate transport processes in aquifers 

containing our decimeter-scale PFPs. The reason for the failure of the ADM is related to the 

fundamental assumption of the Fickian approach that the velocities, resulting from the hydraulic 

conductivity distribution, are not correlated over long distances; an assumption that is 

inconsistent with the presence of an embedded dendritic network of PFPs.  

Both the CTRW and the DDSR models provide accurate predictions of the observed 

mass profiles. Since some of the input parameters for these two non-Fickian models were 

determined through calibration, it is important to verify their consistency with respect to the 

physical parameters of the reference PFP network model. A comparison between physical 

parameters of the implemented models is presented in Table 2.4. The calibrated value for the 

transport velocity ψv  in the CTRW model is 1.484 m/day corresponding to an ambient discharge 

equal to 8.904 m3/day. These values are significantly higher than the advective velocity (0.023 

m/day) and ambient discharge (0.138 m3/day) imposed in the reference PFP model. Even if in 

the CTRW framework the transport velocity ψv  has different meaning than in the classical 

advection-dispersion interpretation [Cortis and Berkowitz, 2004; Cortis and Berkowitz, 2005; 
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Berkowitz et al., 2006], the difference is substantial, and it is not evident how one obtains this 

parameter value other than through fitting the model to existing solute concentration data. In 

addition, the CTRW model was quite insensitive to the β  parameter value.  We found that 

values of β ranging from 5.037×10-5 to 0.5 gave concentration matches that were within 1% of 

the objective function minimum value (with a β of 0.159). Our results suggest that for the case 

analyzed here, the CTRW approach does not provide a physically measurable representation of 

advection. 

The calibrated value using the CTRW approach for the dispersion coefficient ψD  is 

1.865 m2/day. The corresponding dispersivity value, calculated as the ratio between the 

calibrated dispersion coefficient and transport velocity values, is 1.26 m. This value is only about 

20 percent higher than the dispersivity estimated using moment analysis. Interestingly, 

dispersivities equal or close to 1.26 m were calculated for all the CTRW model runs with 

objective function values within 1% of the identified global minimum (Appendix A). This result 

suggests that the CTRW model is able to identify the Peclet number, but it is not able to identify 

unique values for transport velocity and dispersion coefficient. On the other hand, the velocity 

used in the DDSR model is physically based; advective velocity and ambient discharge are the 

same as in the reference PFP network model (Table 2.4). Moreover, the mobile porosity fraction 

and mobile porosity (Equation 2.8) were directly determined on the basis of the physical 

properties of the PFP channel-matrix system. Two input parameter of the DDSR model (i.e., 

dispersivity and mass transfer rate coefficient) required calibration to provide accurate 

predictions, while five parameters were necessarily calibrated for the CTRW model. 
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Furthermore, the match of the CTRW model to the reference concentrations was insensitive to 

one or more of the CTRW parameter values, with a wide range of values producing essentially 

the same concentrations. 

Table 2.4: Summary of the transport parameter values for the models considered in this study. 

Physical parameter PFP 
network ADM CTRW DDSR 

Advective velocity (m/day) 0.023 0.023 1.484* 0.023 

Ambient discharge  
(m3/day) 0.138 0.138 8.904* 0.138 

Longitudinal dispersivity 
(m) - 1.04§

 1.26* 0.068* 

Molecular diffusion 
coefficient (m2/day) 8.64×10-6 8.64×10-6 - 8.64×10-6 

Effective porosity  0.3 0.3 0.3 0.3† 

Mass transfer rate 
coefficient (1/day) - - - 1.886×10-3 * 

§ Calculated using spatial moment analysis. 
† The value indicates the total porosity. 
* The value was determined by calibration. 
 

2.5 Summary and conclusions 

We analyzed the ability of Fickian and non-Fickian transport models to reproduce solute 

transport behavior in an aquifer characterized by a network of decimeter-scale preferential flow 

paths embedded in a low-K matrix. Simulated concentration distributions from a detailed PFP 

network transport model, where all the physical parameter values were known, were used as 
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reference data to assess the performance and physical consistency of the ADM, CTRW and 

DDSR models. Quantitative comparison between observed and predicted breakthrough curves 

and mass profiles showed that the ADM model is not able to reproduce transport processes in 

this kind of environment. Consistent with prior studies, the ADM systematically underestimates 

concentrations at early times and overestimates concentrations at later times. 

Both the CTRW and DDSR models were able to match the observed concentrations. The 

DDSR model provided a better representation of predicted mass distribution near the source area, 

but no significant difference between the two models could be discerned in terms of goodness of 

fit. 

Parameter values for the two non-Fickian models were determined by calibrating the 

predicted versus observed concentrations in four breakthrough curves. For the DDSR model, the 

dispersivity and the mass transfer rate coefficient were calibrated. All other parameters, 

including transport velocity, and the mobile porosity ratio were obtained from physical 

properties of the PFP channel-matrix system. In contrast, for the CTRW model, five parameters 

had to be estimated. Calibration results showed that the transport velocity predicted by the best-

fit CTRW is significantly greater than (more then 64 times) the advective velocity imposed in the 

reference PFP network model. This unrealistic value indicates that, in the context of the system 

analyzed here, the CTRW model does not provide a physically-based representation of 

advection. CTRW velocity values ranging from 0.24 to 1,000 m/d matched the concentration 

data (within 1% of the objective function minimum), with all of these values being much higher 

than the groundwater velocity of 0.023 m/d for the reference system. The lowest calibrated 
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velocity value was more than thirteen times the velocity of the reference system.  The CTRW 

model was also found to be insensitive to its β parameter value over the range from 5.037×10-5 

to 0.5.   

When dispersivity is computed as the ratio of the dispersion coefficient value to the 

(exaggerated) velocity, the CTRW model gave estimates that were only about 20 percent higher 

than the dispersivity estimated using moment analysis. This ratio of dispersion coefficient value 

to velocity was consistent, with a coefficient of variation of only 2 percent, even for calibrated 

values of velocity that were extremely high compared to the reference system. This result 

suggests that the CTRW model was able to identify the Peclet number but the individual values 

of velocity and dispersion coefficient were non-unique.  
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APPENDIX 1.1 

CTRW input parameter values and corresponding objective function values in increasing order. 

Only those runs within 1% of the global minimum are listed. Gray rows are runs with β  fixed 

while other rows are runs with vΨ  fixed. Input parameters corresponding to the global minimum 

are tabulated in bold. The longitudinal dispersivity αΨ is defined as the ratio   DΨ/vΨ . 

vΨ 
(m/day) 

DΨ 
(m2/day) β 

t1          
(pore 

volume) 

t2          
(pore 

volume) 

Objective 
function 

αΨ         
(m) 

1.590 1.998 0.150 3.47×10-4 0.268 3.0433 1.26 

1.628 2.045 0.138 3.89×10-4 0.266 3.0433 1.26 

1.632 2.050 0.125 3.69×10-4 0.267 3.0433 1.26 

3.000 3.778 0.014 2.54×10-4 0.252 3.0437 1.26 

20.000 25.127 0.358 2.10×10-6 0.280 3.0440 1.26 

40.000 50.268 0.366 6.31×10-7 0.282 3.0440 1.26 

1.300 1.632 0.289 2.53×10-4 0.290 3.0443 1.26 

1.145 1.431 0.250 3.71×10-4 0.289 3.0443 1.25 

1.121 1.344 0.062 8.35×10-4 0.280 3.0444 1.20 

0.926 1.162 0.200 6.25×10-4 0.288 3.0448 1.25 

4.000 5.046 0.096 1.24×10-4 0.245 3.0449 1.26 

0.881 1.109 0.250 5.51×10-4 0.293 3.0455 1.26 

4.941 6.243 0.060 1.11×10-4 0.241 3.0455 1.26 

30.000 37.853 0.300 2.06×10-6 0.257 3.0456 1.26 

0.800 1.005 0.197 7.88×10-4 0.292 3.0458 1.26 

6.074 7.684 0.030 9.73×10-4 0.237 3.0461 1.27 

50.000 63.160 0.296 1.01×10-6 0.253 3.0462 1.26 

100.000 126.390 0.301 3.49×10-7 0.252 3.0465 1.26 

0.833 1.046 0.300 4.90×10-4 0.304 3.0466 1.26 
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1000.000 1259.400 0.309 1.10×10-8 0.253 3.0469 1.26 

8.000 10.133 0.103 4.90×10-5 0.234 3.0474 1.27 

0.708 0.834 0.147 1.24×10-3 0.298 3.0477 1.18 

0.643 0.808 0.205 1.06×10-3 0.301 3.0479 1.26 

10.000 12.686 0.098 3.78×10-3 0.231 3.0483 1.27 

0.585 0.736 0.225 1.15×10-3 0.306 3.0491 1.26 

0.847 1.061 0.400 2.95×10-4 0.331 3.0501 1.25 

0.532 0.668 0.230 1.32×10-3 0.311 3.0505 1.26 

0.871 1.099 0.413 2.60×10-4 0.332 3.0507 1.26 

0.500 0.629 0.197 1.62×10-3 0.312 3.0516 1.26 

2.000 2.334 5.037×10-5 4.90×10-4 0.289 3.0560 1.17 

0.400 0.505 0.259 1.88×10-3 0.326 3.0560 1.26 

0.504 0.635 0.010 2.82×10-3 0.317 3.0573 1.26 

0.495 0.622 0.001 2.97×10-3 0.319 3.0584 1.26 

0.410 0.516 0.100 2.96×10-3 0.323 3.0588 1.26 

0.350 0.443 0.278 2.20×10-3 0.334 3.0594 1.27 

0.345 0.435 0.300 2.12×10-3 0.340 3.0600 1.26 

0.720 0.907 0.500 2.21×10-4 0.379 3.0610 1.26 

0.316 0.401 0.245 2.89×10-3 0.337 3.0628 1.27 

0.2400* 0.306 0.329 3.57×10-3 0.360 3.0728 1.28 

… … … … … … … 

0.0230† 0.056 1.193 2.56×10-2 0.152 3.5187 2.43 

0.0024§ 0.006 9.965 1.11×10-3 96.057 3.7497 2.50 

1.484 1.865 0.159 3.68×10-4 0.271 3.0433 1.26 
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CHAPTER 3 

 

SPATIAL CONNECTIVITY IN A HIGHLY HETEROGENEOUS AQUIFER: FROM CORES 
TO PREFERENTIAL FLOW PATHS2 

 

 

Abstract.  This study investigates connectivity in a small portion of the extremely heterogeneous 

aquifer at the Macrodispersion Experiment (MADE) site in Columbus, Mississippi. A total of 19 

fully penetrating soil cores were collected from a rectangular grid of 4 m by 4 m. Detailed grain 

size analysis was performed on 5 cm segments of each core, yielding 1740 hydraulic 

conductivity (K) estimates. Three different geostatistical simulation methods were used to 

generate 3-D conditional realizations of the K field for the sampled block. Particle tracking 

calculations showed that the fastest particles converge along preferential flow paths and exit the 

model domain at preferred locations. Distribution of preferential flow paths and particle exit 

locations is clearly influenced by the occurrence of clusters formed by interconnected cells with 

K equal to or higher than the 0.9 decile of the data distribution (10% in volume). The fraction of 

particle paths within the high-K clusters ranges from 11% to 74%, suggesting that significant 

transport and flow connectivity do not necessarily require fully connected lithologic structures.  

The high degree of flow and transport connectivity was confirmed by the values of two groups of 

                                                 
2 This chapter constitutes a journal article that was accepted for publication by Water Resources 

Research in 2010.  
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connectivity indicators. In particular, the ratio between effective and geometric mean K (on 

average about 2) and the ratio between the average arrival time and the arrival time of the fastest 

particles (on average about 9), are consistent with flow and advective transport behavior 

characterized by channeling along preferential flow paths. 

 

3.1 Introduction 

3.1.1 Background and literature review 

Understanding transport processes and developing mathematical models capable of 

simulating observed solute plumes are fundamental to environmental risk assessment and the 

remediation of contaminated sites. Historically, innovations in the discipline of solute transport 

modeling were developed and tested by using extensive data sets collected during controlled 

experimental field studies. These data sets usually include measurements of solute concentration 

and hydraulic conductivity (K) which are essential to properly characterize subsurface 

heterogeneity and transport behavior. In the last two decades, for example, data collected from a 

tracer test site at the Columbus Air Force Base in Mississippi, commonly known as the 

Macrodispersion Experiment (MADE) site, have been invaluable for advancement of new 

transport theories and mathematical models. The importance of this site is mainly due to its 

extreme heterogeneity indicated by the high variance of the natural logarithm of the measured 

hydraulic conductivity K (σ2
LnK = 4.5) [Rehfeldt et al., 1992], which is significantly higher than 

that of other aquifers for which similar data sets exist [e.g., MacKay et al., 1986; LeBlanc et al., 
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1991]. 

Three large-scale natural gradient tracer tests, usually referred to as MADE-1, MADE-2 

and MADE-3 (also known as NATS) experiments, were conducted at the MADE site [Boggs, 

1991; Boggs et al., 1993; Julian et al., 2001]. Measured concentrations revealed that transport 

behavior is characterized by highly asymmetric plumes, with significant mass accumulation near 

the source and extensive mass spreading to the far field. Several studies applied different 

modeling approaches to simulate the concentration distributions observed during the these tracer 

tests [Adams and Gelhar, 1992; Eggleston and Rojstaczer, 1998; Berkowitz and Scher, 1998; 

Zheng and Jiao, 1998; Harvey and Gorelick, 2000; Feehley et al., 2000; Julian et al., 2001; 

Baeumer et al., 2001; Schumer et al., 2003; Barlebo et al., 2004; Salomon et al., 2007; Zhang 

and Benson, 2008; Llopis-Albert and Capilla, 2009]. All these studies have in common the 

conclusion that the classical advection-dispersion model (ADM) is not able to reproduce the 

transport behavior observed at the MADE site unless physical heterogeneity is adequately 

resolved. When small-scale variations of water flux due to aquifer heterogeneity are not 

explicitly described, the ADM underestimates the extensive spreading or “tailing” along the flow 

direction and is not able to reproduce the substantial mass accumulation near the injection points. 

This conclusion was further confirmed by two recent forced-gradient tracer tests [Liu et al.., 

2010; Bianchi et al., 2010]. 

As initially suggested by Harvey and Gorelick [2000] and by Feehley et al. [2000], a 

reasonable hypothesis to explain the failure of the ADM is the presence of a network of 

interconnected highly permeable sediments embedded in a less conductive matrix. This 
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conceptual model of heterogeneity can in fact favor the fast movement of a fraction of solute 

mass along preferential flow paths (PFPs), while most of the mass stagnates in the matrix. This 

hypothesis was proposed after modeling results showed that the dual-domain mass transfer 

model can reproduce the transport behavior observed at the MADE site more accurately. The 

dual-domain model conceptualizes the aquifer as consisting of distinct, but coexisting, mobile 

and immobile domains, and this separation is particularly appropriate when reproducing 

transport in the presence of connected high-K structures embedded in a low-K matrix [Gorelick 

et al., 2005; Liu et al, 2007, Bianchi et al., 2009]. The efficacy of the dual-domain model in 

reproducing the solute plumes observed during the MADE-1 and MADE-2 experiments was 

considered by Harvey and Gorelick [2000] and Feehley et al. [2000] an indirect proof of the 

existence of a PFP network controlling solute transport at the MADE site. This hypothesis was 

also proposed by Julian et al. [2001] and more recently by Llopis-Albert and Capilla [2009]. 

Zheng and Gorelick (2003) investigated more specifically the transport behavior in a fields 

characterized by a binary dendritic K distribution, generated using an invasion-percolation 

algorithm. Their numerical experiments offered support to the PFP network hypothesis by 

demonstrating that solute transport in a hypothetical networked K field displays highly non-

Fickian characteristics similar to those observed at the MADE site. 

The traditional approach for reproducing hydraulic conductivity fields in heterogeneous 

porous media has been based on the assumption of multivariate Gaussian distribution of LnK. 

With this approach LnK is considered a spatially correlated random variable. An important 

characteristic of multi-Gaussian fields is that entropy (disorder) is maximized and therefore 



 

56 

extreme values tend to cluster in isolated zones rather than being arranged in connected 

structures [Silliman and Wright, 1988; Rubin and Journel, 1991; Journel and Deutch, 1993; 

Gómez-Hernández and Wen, 1998; Zinn and Harvey, 2003]. The multi-Gaussian approach has 

become popular due to its relative mathematical simplicity and easy interpretation. However, 

several studies have demonstrated the importance of connectedness rather than randomness in 

heterogeneous aquifers [e.g., Anderson, 1989; Sànchez-Vila et al., 1996; Koltermann and 

Gorelick, 1996; Webb and Anderson, 1996; Tsang and Neretnieks, 1998; Fogg et. al., 2000].  

Fogg [1986], for example, suggested that groundwater flow in the Wilcox aquifer in 

Texas is controlled by the continuity and connectivity of large-scale sand bodies. Schiebe and 

Yabusaky [1998] demonstrated that methods for upscaling the K distribution, which lead to a 

good match between simulated and observed heads, may not be adequate to reproduce transport 

behavior because transport is strongly impacted by the existence and connectivity of high-K 

zones. Labolle and Fogg [2001] recognized that the connectivity of highly permeable channel 

hydrofacies is the most important factor controlling solute migration in the alluvial system at the 

Lawrence Livermore National Laboratory (LLNL). The hydrostratigraphic reconstruction of the 

LLNL aquifer showed that about 80% of the channel hydrofacies forms a connected network that 

percolates in three dimensions. Proce et al. (2004) applied transition probability and sequential 

indicator simulations to simulate the assemblage of facies in a system of buried valley aquifers. 

A multiscale realization of aquifer heterogeneity showed the presence of interconnected 

pathways resulting from the significant connectivity of sand and gravel facies. The influence on 

groundwater flow patterns exerted by the distribution of different lithofacies with significant 
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contrasts in K was also investigated by Heinz et al. [2003]. By using particle tracking 

calculations, they showed that sedimentary processes are responsible for the heterogeneities that 

determine local groundwater flow in aquifers. The importance of connectivity on fracture flow 

has also been acknowledged [e.g., Journel and Alabert, 1989; Tidwell and Wilson, 1999].  

Numerical studies most commonly have been used to quantify the connectivity of K 

fields. Gómez-Hernández and Wen [1998] analyzed groundwater travel times in four alternative 

unconditional representations of a 2-D synthetic K field sharing the same Gaussian histogram 

and covariance function, but different in terms of connectivity patterns. Results showed that 

travel times in the multi-Gaussian model could be 10 times slower than those observed in the 

other models. Western et al. [2001] applied connectivity functions to produce unconditional 2-D 

fields with almost identical histograms and omni-directional variograms, but with very different 

connectivity. They concluded that standard geostatistical approaches based on variogram models 

do not properly capture connectivity. Zinn and Harvey (2003) showed that unconditional 2-D 

fields with connected structures can have the same log-normal probability density function and 

isotropic covariance function as multi-Gaussian fields without connected structures. Since rate-

limited mass transfer may be a significant process in K fields with highly permeable connected 

structures, their results highlighted the importance of identifying the connectivity of porous 

media in order to choose the most appropriate transport model.  

One of the first attempts to establish some criteria for ranking K fields on the bases of 

their connectivity was made by Deutsch [1998]. The method is essentially based on measuring 

the number and the size of connected bodies in a 3-D Cartesian grid. More recently, Knudby and 
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Carrera [2005] proposed and evaluated nine different indicators of connectivity in order to assess 

the possibility of predicting flow connectivity from statistical connectivity and, consequently, 

transport connectivity from flow connectivity. From the lack of correlation between indicators 

measuring different types of connectivity, they concluded that it is a process-dependent concept. 

Lee et al. [2007] used 3-D data from a real aquifer to investigate connectivity in the LLNL 

aquifer. Several realizations of aquifer heterogeneity were generated using sequential Gaussian 

simulation (SGS) and transition probability indicator simulation (T-PROGS). Simulated K fields 

were also used as input to a groundwater flow model to simulate a pumping test performed at the 

LLNL site. Measures of spatial connectivity showed that the network of high-K is characterized 

by greater lateral connectivity in the T-PROGS realizations compared to the SGS fields. T-

PROGS realizations were also more accurate in reproducing the observed drawdown. Vassena et 

al. [2009] investigated the effects of facies heterogeneity on flow and transport in small blocks (1 

m3) sampled from the alluvial sediments of the Ticino valley in Italy. Numerical tracer 

experiments in these systems combined with the use of connectivity indicators suggested that 

transport and statistical connectivity indicators are correlated with dispersivity.  In a recent study 

of  MADE site single-well injection-withdrawal test data, Ronayne et al. (2010) showed that 

intra-facies heterogeneity is responsible for local-scale mass transfer based on a hybrid model 

that combines 3D lithofacies to represent sub-meter connected channels in a matrix based on a 

correlated multivariate Gaussian hydraulic conductivity field. 
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3.1.2 Objectives 

The main objective of the present study is to investigate connectivity in a small block of 

the aquifer at the MADE site, and the role of that connectivity in advective transport. To attain 

this goal, 3-D conditional realizations of the geologic heterogeneity were first generated using 

three different geostatistical methods including sequential Gaussian simulation, sequential 

indicator simulation and transition probability indicator simulation. Geostatistical realizations are 

conditioned to K values estimated through the grain size analyses of 19 newly collected cores 

(20 cores were initially collected but one was found to be unusable due to incomplete depth 

records). This approach differs from our previous studies [Gorelick et al., 2005; Liu et al, 2007, 

Bianchi et al., 2009] in which connectivity and solute transport was investigated in synthetic 

aquifers characterized by a dendritic distribution of the high-K zones generated using an 

unconditional invasion-percolation algorithm. 

Since at present there is not agreement in the scientific community about which 

geostatistical method can better represent connected features in heterogeneous aquifers, we chose 

to apply three of the most commonly used in order to obtain a wider spectrum of possible 

representations of the aquifer heterogeneity. In this way we also tried to reduce the possibility 

that our conclusions regarding the connectivity within the aquifer are biased by the 

characteristics of a particular geostatistical method. Particle tracking calculations were used to 

assess the influence of connectivity on advective transport and eventually analyze the geometric 

characteristics of the connected pathways. Indicators similar to those presented by Deutsch 

[1998] and Knudby and Carrera [2005] were then used to quantify the connectivity of each of the 
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generated K fields. We also present an exceptionally detailed 3-D data set that provides a close 

representation of the heterogeneity of an actual aquifer block. Based on the analysis of this 

unique dataset, another attribute of our study is that we considered connectivity in 3-D 

geostatistical realizations conditioned to K measurements.  

3.2 Site description  

The hydrostratigraphic setting of the MADE site is characterized by a shallow unconfined 

aquifer, averaging about 11 m in thickness, underlain by an aquitard unit represented by the 

marine clay-rich deposits of the Eutaw Formation. The aquifer is composed of poorly- to well-

sorted sandy gravel and gravelly sand with small amounts of silt and clay. Extensive sampling of 

the aquifer [Boggs et al., 1990; Boggs et al., 1992] revealed a predominance of sandy to gravelly 

clay deposits in the surficial 2 m, overlaying an interval, of about 8 m in thickness, characterized 

by sandy gravel and gravelly sand. A deeper interval of about 1 m to 2 m in thickness and 

composed by a mixture of sand and fine sediments characterizes the bottom part of the aquifer 

representing the transition from alluvial facies to the marine sediments of the Eutaw formation. 

Recently, Bowling et al. [2005] used ground penetrating radar and direct current resistivity data, 

integrated with previously collected borehole flowmeter measurements and sediment cores 

[Boggs, 1991; Boggs et. al., 1993], to assemble a hydrogeological conceptual model of the 

aquifer consisting of four major hydrostratigraphic units: a meandering fluvial system at the top 

(from 0 to about 3 m in depth), a braided fluvial system in the middle portion of the aquifer 

(from 3 m to 10 m), fine-grained sands at the bottom of the aquifer, and the underlying clay 



 

61 

aquitard.  

Rehfeldt et al. [1992] investigated the spatial distribution of K by performing flowmeter 

tests in 66 fully penetrating wells distributed in an area of approximately 90 m × 270 m. The 

vertical spacing of the measurements within each flowmeter well was approximately 15 cm. 

Statistical analysis of the collected data (more than 2500 measurements) indicated a lognormal 

distribution of K and an extremely high heterogeneity. The geometric mean of K derived from 

the flowmeters measurements is approximately 5×10-3 cm/s, while the variance of LnK is 4.5. 

3.3 Data collection 

3.3.1 Soil core collection and grain size analysis  

The soil cores analyzed in this study were collected with a Geoprobe® core sampler 

(model 5410) using direct-push technology to minimize the disturbance of the samples and 

preserve the actual heterogeneity and structure of the aquifer. The cores were collected from a 

portion of the MADE site aquifer that was previously investigated by the borehole flowmeter 

measurements performed during the MADE-1 and MADE-2 experiments (Figure 3.1). In 

particular, the new cores are representative of the block located in proximity of boreholes K-41, 

K-42 and K-45 as labeled by Boggs [1991], Rehfeldt et al. [1992] and Boggs et al.  [1993]. 

Coring was performed over a 4 m by 4 m area using a regularly spaced sampling grid with a new 

well installed at the center (Figure 3.2). Soil cores (5.08 cm in diameter) are spaced 1 m apart 

and located within 2 m of the well. They were drilled in 1.22 m sections and at least 5 sections 

were collected for each core in order to sample over the depth interval from the water table to the 
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bottom of the aquifer. Immediately after removal from the Geoprobe® core sampler, the cores 

were sealed to prevent moisture loss and placed in an on-site freezer stored with dry ice. They 

were then transported to the laboratory where they remained frozen until grain size analysis was 

performed.  
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Figure 3.1: Map of the MADE site showing the location of the flowmeter boreholes (hollow 

circles), the location of injection wells used during the MADE-1 and MADE -2 experiments 

(black square), and the area investigated in this study. Boreholes are labeled as in Boggs [1991], 

Rehfeldt et al. [1992] and Boggs et al.  [1993]. The Y axis is rotated 12° counterclockwise from 

the North. 
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Figure 3.2: Location of the 19 cores collected for grain size analysis and hydraulic conductivity 

estimation. IW indicates the injection well installed at the center of the sampling grid. Core #3 

(not shown) was collected, but grain size data are not usable due to missing depth information. 

The frozen 1.22 m long core sections were horizontally dissected into approximately 5 

cm segments with a masonry block saw under frozen conditions. At the beginning of the grain 

size analysis, cores segments were wet sieved to determine the weight percentage of silt and 

clay. During this step, segments were first dried at 105ºC in an oven for a 24-h period to 

eliminate any residual moisture in the sample and then cooled for one hour before the initial 

weight was recorded. Using a 230-mesh sieve screen (63 µm opening) as a filter, segments were 

rinsed with water for 5 min and placed back in the oven for a second 24-h drying period. 

Segments were weighed again after cooling and the amount of silt and clay was calculated by 
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subtracting the two measured weights. The fine sand, medium sand, coarse-very coarse sand, and 

gravel fractions of the core segments were determined using a stack of sieves of 230 mesh (63 

µm opening), 60 mesh (250 µm), 35 mesh (500 µm), and 10 mesh (2mm) screen.  

Grain size analysis confirmed the significant heterogeneity of the sediments constituting 

the aquifer at the MADE site. In all 19 cores, the weight percent of fines, fine, medium and 

coarse sand and gravel fluctuates significantly along the vertical extent of the cores (Figure 3.3). 

The average percentage of fines (<0.063 mm) is around 8% with a tendency to increase toward 

shallow depths. In all the cores, fines are not organized into uniform silt/clay layers but they are 

disseminated throughout the sands. Gravel content is very variable, ranging from almost 0% to 

95%. The diameters of the soil particles at 10% (d10) and 60% (d60) cumulative weights, the 

coefficient of uniformity (Cu = d60/ d10) and the porosity of each cores segment were determined 

from the grain size distribution curves. In particular, the porosity was estimated using the 

following empirical relation [Kasenow, 2002]: 

( )uCn 83.01255.0 +=                                      (3.1) 

Considering all the cores, the average values for the d10 and d60 are 0.40 mm and 6.16 mm, 

respectively. The high d60 value indicates the relative coarseness of this sector of the MADE 

aquifer. The average Cu is equal to 16.56, which is typical of poorly-sorted sediments, while the 

average porosity is 0.28. This value is comparable to the porosity (0.32) determined from the 

analysis of previously collected soil cores [Boggs et al., 1992]. 
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Figure 3.3: Cumulative grain size distribution measured in core #5. Colors represent relative 

abundance of fines (F), fine sand (Sf), medium sand (Sm), coarse sand (Sc) and gravel (G). 

3.3.2 Hydraulic conductivity data and descriptive statistics 

The hydraulic conductivity of the 5 cm core segments was estimated using empirical 

equations based on parameters determined from the grain size analysis. These can be generalized 

as: 

2)( es dnfCgK
ν

=                               (3.2) 

where g is the gravitational constant, ν is the kinematic viscosity, Cs is the sorting coefficient, 
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f(n) is a function dependent on the porosity and de is an effective grain diameter. Several forms 

of Equation (3.2) can be used that differ in the values assigned to the parameters Cs, f(n) and de. 

After comparison, we selected K estimates based on the Hazen formulation [Hazen, 1892] where 

Cs is equal to 6 ×10-4,  f(n) is equal to (1+10(n – 0.26) and de is equal to d10. Despite the fact that 

the Hazen equation is usually recommended for well sorted sediments with Cu < 5, we did not 

find a significant difference between the estimates calculated using the Hazen equation and those 

from other equations [i.e., Breyer, 1964]. We recognize that petrophysical models explicitly 

accounting for infilling of pores by fine particles suggest substantial reduction in hydraulic 

conductivity values (Koltermann and Gorelick, 1995).  However, in this work, we believe that 

the relative values of hydraulic conductivity variations are captured using the above formula.  

We proceed with this caveat.  

The data set presented in this work consists of 1740 estimates of hydraulic conductivity 

distributed in a 4 m by 4 m by 6 m sector of the MADE site aquifer (Figure 3.4). The frequency 

distribution and the univariate statistics of the Ln-transformed K values are illustrated in Figure 

3.5. The mean and variance of the LnK data are equal to -3.48 (mean K = 0.28 cm/s) and 4.35, 

respectively. The minimum of 8.68×10-4 cm/s is observed at a depth of 4.1 m in core #17, while 

the maximum of 7.96 cm/s is located at 5.77 m below ground surface in core #2. The comparison 

between the normal probability plots of the cumulative density function of the data and that of a 

normal distribution having the same mean and variance (Figure 3.6) shows that the distribution 

of the LnK data approximates normality for values ranging from -6.5 to -2, but deviates 

significantly at both tails of the distribution.  
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Figure 3.4: 3-D spatial distribution of the 1740 hydraulic conductivity values estimated from 

grain size analysis of the core segments. Cores are labeled as in Figure 3.2. 

To qualitatively test the reliability of the grain size analysis, we compared the distribution 

and the statistics of the K estimates with those of the 2483 log-transformed flowmeter 

measurements of Rehfeldt et al. [1992]. The mean of K estimated from the log-transformed 

flowmeter data is -5.23, significantly lower than that of the LnK estimates presented in this 

study. This difference can be explained by the non-stationarity of the K field at the MADE site 

which is shown by the distribution of depth-averaged flowmeter measurements. This shows that  
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Figure 3.5: Frequency distribution and descriptive statistics of the LnK estimates. 
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Figure 3.6: Normal probability plot of the cumulative density function of the LnK estimates. 
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the MADE site is characterized by zones of lower conductivity at the south and north-east ends 

and by a zone of higher conductivity near the center of the site [Boggs et al., 1990; Rehfeldt et 

al., 1992; Bowling et al., 2005]. The block of aquifer investigated in this study is located 

approximately at the boundary between a zone with K ranging from 10-2 cm/s to 10-1 cm/s and 

a zone characterized by lower K with values ranging from 10-3 cm/s to 10-2 cm/s. The 

discrepancies between the flowmeter data and the K estimates obtained in this study can also be 

related to the empirical method used to determine K from the grain size analysis. It has in fact 

been shown that Hazen equation tends to overestimate K in heterogeneous poorly-sorted 

sediments [Carrier, 2003]. However, it is important to clarify that, for the purpose of this study, 

our primary concern was measuring relative, highly resolved, variations of K rather than absolute 

values. In this sense, it is noteworthy that the two data sets have almost the same variance 

indicating that our K estimates are representative of the actual level of heterogeneity of the 

MADE site aquifer. 

3.4 Geostatistical Analysis and Flow Modeling 

3.4.1 Geostatistical analysis 

Two variogram-based approaches, sequential Gaussian simulation (SGS) and sequential 

indicator simulation (SIS), and the transition probability approach (T-PROGS) were used to 

generate conditional realizations of the LnK field. Realizations were conditioned to the 1740 K 

values estimated from the grain size analysis of the cores. The interpolated domain is 6 m long 

by 6 m wide, with a thickness of 6.2 m, and was discretized with an interpolation grid with 
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resolution of 20 cm in the horizontal directions (x and y) and 10 cm in the vertical direction (z). 

A total of 60 conditional realizations of the K distribution, consisting of 20 realizations for each 

simulation method, were generated.  

3.4.1.1 Sequential Gaussian simulation (SGS) 

With the SGS approach the estimate of a normal random variable Z at any point in space is 

calculated by randomly selecting a value drawn from the normal distribution defined by the 

kriging mean and variance. A specified number of data and previously simulated values are 

allowed to condition each new simulated point. To honor the assumption of normality, the 

original LnK estimates were initially transformed to their normal scores. The spatial correlation 

of the normal scores was then evaluated using the experimental semivariogram. As in other 

geostatistical analyses at the MADE site [Rehfeldt et al., 1992; Salomon et al., 2007; Llopis-

Albert and Capilla, 2009], spatial correlation was investigated only in the horizontal (dip = 0°) 

and vertical directions (dip = 90°). In this way we assumed that the depositional structures, 

responsible for the variability of K, are horizontal. Directional anisotropy in the horizontal plane 

was also investigated, but variograms did not show preferential directions of spatial correlation. 

The experimental variograms were fitted with the an exponential isotropic model with nugget, 

sill and effective range equal to 0.2, 0.8 and 0.8 m, respectively. Isotropic conditions are 

indicated by the similarity between the omnidirectional horizontal, the omnidirectional and 

vertical experimental variograms presented in Figure 3.7. This result contrasts with the 

geostistical analyses result of the flowmeter data, which indicated that the aquifer at the MADE 
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site is characterized by anisotropy. However, the scales of concern are quite different. As shown 

by Rehfeldt et al. [1992] and Salomon et al. [2007], the horizontal correlation scale of the 

flowmeter measurements is about 40 m and therefore significantly larger than the dimension of 

the sampled block (4 m by 4 m). Therefore, it is possible that we were not able to sample 

significant facies variations within our sampling block that can lead to an anisotropic behavior of 

the experimental variogram.   Sequential Gaussian conditional realizations were generated with 

the SGSIM code of the Geostatistical Software Library (GSLIB) [Deutsch and Journel, 1998]. 

Simulations were performed in log-normal space and then the simulated values were back 

transformed. 
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Figure 3.7: Omnidirectional, omnidirectional horizontal, and vertical experimental variograms 

of the normal scores of the LnK estimates. The exponential model used for the SGS realizations 

is also shown. Experimental variograms are calculated for log-K values. 
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3.4.1.2  Sequential indicator simulation (SIS) 

Unlike the SGS method, which assumes a multi-Gaussian spatial distribution, the SIS 

method does not require a particular type of distribution of LnK. Even though studies have 

suggested that due to these characteristics the SIS approach can provide a better representation of 

connected structures [e.g. Journel and Alabert, 1989; Rubin and Journel, 1991; Kolterman and 

Gorelick, 1996; Anderson, 1997; Gómez-Hernández and Wen, 1997], results are not conclusive 

[e.g., Blöschl, 1996]. With the indicator approach, the distribution of the LnK estimates, which 

was considered a continuous variable, was discretized into mutually exclusive classes bounded 

by the thresholds zk (Table 3.1). In this work, the thresholds correspond to the nine deciles of the 

univariate distribution of the LnK estimates. This choice of cutoff values is the most commonly 

used [Isaaks and Srivastava, 1989] and was also applied by Salomon et al. [2007] and Llopis-

Albert and Capilla [2009] to simulate conditional K fields at the MADE site using the flowmeter 

measurements. As for the normal scores, the analysis of the nine indicator variograms revealed 

isotropic behavior and for each threshold the model that best represents spatial continuity is an 

exponential function. Nugget, sill and ranges values of the nine indicator variogram models are 

presented in Table 3.1. The effective ranges of the exponential models are between 0.4 m and 0.8 

m and the spatial continuity increases from the 0.2 decile to the 0.6 decile and then slightly 

decreases until the 0.9 decile. Sequential indicator conditional realizations were generated with 

the code SISIM of GSLIB [Deutsch and Journel, 1998]. 
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Table 3.1.  Geostatistical parameters of the isotropic variogram models used for the sequential 

indicator simulations. The nine thresholds zk correspond to the deciles of the probability density 

function (pdf) of the LnK estimates. 

 

3.4.1.3 Transition probability indicator simulation (T-PROGS) 

We also applied the transition probability approach (T-PROGS) based on the Markov 

chain model [Carle and Fogg, 1996 and 1997; Carle et al., 1998]. T-PROGS is an indicator 

approach that can model the full transition probability function, including cross correlations 

representing commonly observed geologic juxtapositional tendencies with a small number of 

parameters and a single Markov Chain equation in each direction. The method can also be used 

to transparently account for quantitative and qualitative geologic information, such as volumetric 

proportions and mean lengths of categorical classes and depositional facies relationships. (Carle 

Effective ranges (m) 
zk  

pdf 
values Model 

amax amin avert 
Nugget  c0 Sill  c1 

-6.414 0.1 Exponential 0.7 0.7 0.7 0.03 0.03 

-5.397 0.2 Exponential 0.5 0.5 0.5 0.05 0.10 

-4.725 0.3 Exponential 0.6 0.6 0.6 0.05 0.14 

-4.011 0.4 Exponential 0.8 0.8 0.8 0.05 0.18 

-3.359 0.5 Exponential 0.8 0.8 0.8 0.05 0.18 

-2.950 0.6 Exponential 0.6 0.6 0.6 0.05 0.18 

-2.580 0.7 Exponential 0.5 0.5 0.5 0.07 0.14 

-2.207 0.8 Exponential 0.4 0.4 0.4 0.06 0.10 

-0.339 0.9 Exponential 0.4 0.4 0.4 0.05 0.05 
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et al., 1998; Ritzi, 2000; Ritzi et al., 2004; Dai et al., 2005). The transition probability approach 

uses transition probabilities to represent the spatial structure of the data. They are defined as the 

probability that a certain category j occurs at the location u+h conditioned to the occurrence of 

another category i at the location u. Considering a number N of categories or classes, the 

transition probabilities between classes can be modeled by a 1-D Markov chain model in the 

form [e.g., Carle and Fogg, 1996]: 

( )φφφ hh RT exp)( =                (3.3) 

where T(hφ) is N×N matrix of transition probabilities, hφ is the distance or lag in the direction φ 

and R(hφ) is the transition rate matrix whose elements rij represent the rate of change from class i 

to class j, per unit length, in the direction φ. Conditional simulations are generated in two steps 

consisting of a preliminary generation of the distribution of the categorical variable by using 

sequential indicator simulation and a simulated quenching stage to improve the agreement 

between measured and modeled transition probabilities. A thorough description of the algorithm 

can be found in Carle and Fogg [1996 and 1997] and in Carle et al. [1998]. 

Since the transition probability approach requires categorical variables, the 1740 LnK 

estimates were distributed in five mutually exclusive classes (Figure 3.8) and a single value of 

LnK was assigned to each class. In detail, the 0.1, 0.3, 0.7 and 0.9 deciles were chosen as the 

limits of the five classes and the mean of the LnK estimates falling within the cutoffs was 

considered as the homogeneous LnK value assigned to each class. The deciles of the LnK 

distribution, including those delimiting the T-PROGS classes, are tabulated in Table 3.1. 
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Transiograms were calculated in the vertical and horizontal directions and then a 3-D Markov 

chain model was fitted to the sample transiograms. As with the variogram-based approaches, 

isotropy is assumed. The transition probabilities of the five LnK classes are shown in Figure 3.9 

where the solid line represents the Markov chain model used to generate the conditional 

realizations of the LnK field. Transition probability analysis and stochastic simulations were 

performed using the software T-PROGS (Carle, 1999). 
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Figure 3.8: Quantile plot of the LnK estimates showing the thresholds used to define the classes 

of homogeneous conductivity used for the conditional T-PROGS realizations. The numbers 

within parenthesis are the mean values of the data falling within the thresholds and represent the 

LnK assigned to each class. 
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Figure 3.9: Vertical-direction transition probabilities for the classes defined in Figure 8. Plots on 

the main diagonal represent auto-transitions between like classes, while plots off the main 

diagonal represent cross-transitions between different classes. The isotropic Markov chain model 

was used for the conditional T-PROGS realizations. 
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3.4.2 Groundwater flow and advective transport modeling 

Groundwater flow and advective transport were simulated for each of the generated 3-D 

conductivity fields. Steady state flow was simulated with MODFLOW [Harbaugh et al., 2000] 

using a 3-D finite-difference grid with the same dimensions and resolution as the interpolation 

grid. No-flow boundary conditions were imposed on the four faces perpendicular to the x and z 

axes (Figure 3.10). Specified heads were assigned to the other two boundaries perpendicular to 

the y axis to impose a mean hydraulic gradient of 0.01 across the entire domain. The simulated 

groundwater flow direction was oriented approximately as the actual average flow direction at 

the MADE site as indicated by potentiometric surface maps derived from head measurements 

[Boggs et al., 1992].  

Flow paths and particle travel times in the simulated flow fields were calculated using 

MODPATH [Pollock, 1994]. Only advective transport was simulated while the effects of 

mechanical dispersion and molecular diffusion were not considered. A uniform porosity equal to 

0.28 was assigned to the model domain. At the beginning, 15624 particles were evenly 

distributed (8 for each cell) across the upstream face of the model domain. This configuration 

mimics an instantaneous, distributed source and each particle is viewed as a solute particle 

having an indivisible mass. Spatially averaged breakthrough curves (BTCs) were then calculated 

by counting the number of particles exiting the system at the face located down gradient with 

respect to the starting positions. In order to smooth the shape of the BTCs, time intervals of 5 

hours were used to count the particles. Since the specified heads and no flow conditions are 

directly adjacent to the study volume, the influence of the no-flow boundaries on the particle 
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paths geometry and distribution was also assessed. For all the realizations, this influence is very 

limited and only very few particle paths are the expression of unnatural fluxes on the boundary 

faces. 
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Figure 3.10: Schematic diagram showing the geometry and boundary conditions of the model 

used for groundwater flow and particle tracking simulations. The modeling domain is 6 m wide 

(x direction), 6 m long (y direction) and 6.2 m thick (z direction). The finite-difference grid used 

for the simulations has a regular grid spacing of 0.2 m in the x and y directions and of 0.1 along 

the z direction. 

3.4.3 Measures of spatial connectivity 

Two groups of indicators were used to quantify connectivity in the 3-D hydraulic 

conductivity fields. The first group refers to a set of parameters that measure connectivity based 

on the spatial characteristics of clusters of a certain categorical class or geologic facies 
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[Deutsch,1998]. In this work, we focused on the connectivity of high-K zones defined by clusters 

of face-connected cells (i.e., sharing a face) with LnK equal to or higher than the 0.9 decile of the 

data distribution. The 0.9 decile of the LnK estimates (-0.34 corresponding to 0.71 cm/s) is also 

the threshold used to define the class with the highest conductivity for the SIS and T-PROGS 

realizations. Connectivity of the high-K clusters was evaluated by calculating the following 

parameters: 

- total number of high-K clusters and their volume fraction;  

- dimension (number of cells) of the largest connected high-K cluster and its specific 

surface (surface area per unit volume); 

- dimension (number of cells) of the second largest connected high-K cluster; 

- fraction of single cell high-K clusters.   

The code GEO_OBJ [Deutsch, 1998] was used to identify the high-K clusters and to calculate 

these quantities. Since the considered high-K clusters occupy a volume proportion of 0.10, they 

are not expected to fully percolate, meaning that they are not expected to span any two opposing 

domain boundaries. This is because the volume proportion of the high-K cluster is less than the 

percolation thresholds measured for correlated three-dimensional cubic lattice media [Harter, 

2005; Guin and Ritzi, 2008].  

The second group of connectivity indicators are measures of flow and transport 

connectivity and and includes some of the parameters presented by Knudby and Carrera [2005], 

here indicated as CI1 and CI2. In this work we refer to flow and transport connectivity in the 

sense originally used by the same authors such that flow connectivity indicates the presence of 
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preferential flow paths and transport connectivity indicates the existence of fast paths allowing 

early solute arrival. The first indicator CI1 is defined as [Equation 6 in Knudby and Carrera]:  

G

eff

K
K

CI =1  (4) 

that is the ratio between the effective conductivity (Keff) and the geometric mean of the 1740 K 

estimates (KG). Darcy’s Law between the upstream and the downstream faces of the groundwater 

flow modeling domain was applied to calculate Keff: 

Ahh
QKeff )( 21 −

=                                                                                                                         (3.5) 

where Q is the volumetric flow rate across the downstream face of area A and h1 and h2 are the 

constant heads applied at the upstream and the downstream faces. Since the upper bound of the 

effective conductivity is the arithmetic mean KA of the K estimates, and the lower bound is the 

harmonic mean KH, CI1 can assume any positive value between KH/KG and KA/KG. CI1 is an 

indicator of flow connectivity and it is a function of the degree of flow channeling or, in other 

words, of the fraction of the total flow in a small portion of the porous medium. The effective K 

is larger than the geometric mean (CI1 > 1) for K fields characterized by the presence of 

preferential flowpaths, while it is smaller (CI1 < 1) for fields in which the high-K media are 

poorly connected [Sanchez-Vila et al., 1996; Zinn and Harvey, 2003]. CI1 is equal to 1.0 in 

statistically random fields with no connectivity.  

The second connectivity indicator CI2 is related to transport behavior and is defined as 

the ratio between the average arrival time (tave) and the arrival time of a smaller fraction (5%) of 
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particles [Equation 8 in Knudby and Carrera]: 

%5
2 t

tCI ave=                                                                                                                                    (3.6) 

where t5% is the time at which 5% of the particles has arrived at the exit face of the simulation 

domain. Both tave and t5% were calculated from the distribution of particle arrival times. A 

breakthrough curve skewed towards smaller arrival times, with an early peak and significant 

tailing, will result in a higher value of CI2 when compared to a Gaussian-shaped breakthrough 

curve [Knudby and Carrera, 2005]. A high CI2 can also be interpreted as an indication of 

channeling. 

3.5 Results and discussion 

3.5.1 Generated 3-D hydraulic conductivity fields 

The ensemble mean and variance of the LnK fields generated with the SGS method are 

equal to -3.60 and 4.33, respectively. These are similar to the corresponding values of the SIS (-

3.67 and 4.11) realizations and also comparable to the mean and the variance of the original LnK 

data. The average mean of the T-PROGS realizations is -3.45, while the average variance is 3.98. 

The lower variance of the T-PROGS realizations is due to the zonation of continuous K values 

into classes of homogeneous conductivity. Consequently, the appearance of T-PROGS fields is 

smoother than that of the fields generated with the variogram-based methods, where a cell in the 

domain can assume, in theory, any value. However, the average LnK variance of all the T-

PROGS realizations is only about 8% lower than the data variance, indicating that the actual 
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variability is almost fully preserved.  

A summary of the average values of the arithmetic (KA), harmonic (KH) and geometric 

means (KG) of the generated K fields are presented in Table 3.2, together with the average 

effective conductivity (Keff) calculated from the groundwater flow simulations. Average values of 

KA and KH confirm the similarity between the SGS and SIS realizations, while the average KA of 

the T-PROGS fields is lower than the corresponding value of the variogram-based methods by 

about 16%. The reduced variance of the conductivity fields generated with the T-PROGS method 

due to the K zonation is corroborated by the observation that the standard deviations of the KA, 

KH and KG values or the SGS and SIS realizations are significantly higher than those of the T-

PROGS realizations.  

Three realizations of the 3-D conductivity fields generated with SGS, SIS and T-PROGS 

are shown in Figure 3.11. From the simple, qualitative observation of the 3-D conductivity fields, 

it is hard to distinguish a connected arrangement of high K cells. For this reason, we further 

investigated the connectivity of the generated fields by analyzing groundwater flow and transport 

and by comparing the indicators of spatial connectivity. The results of these two analyses are the 

topics of the next two sections. 
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Figure 3.11: Three-dimensional conductivity fields generated with different geostatistical 

methods. One realization is shown for each method. 
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Table 3.2: Average values of the arithmetic (KA), harmonic (KH) and geometric means (KG) of 

the generated LnK fields and of their average effective conductivities (Keff). Values are expressed 

in cm/s. 

SGS SIS TPROGS 
Parameter 

Average Std. Dev. Average Std. Dev. Average Std. Dev. 
Ln(KA) -1.28 0.11 -1.30 0.16 -1.45 0.01 
Ln(KH) -5.18 0.11 -5.06 0.07 -4.95 0.00 
Ln(KG) -3.60 0.14 -3.67 0.11 -3.45 0.00 
Ln(Keff) -2.93 0.14 -2.92 0.18 -2.68 0.05 

 

Table 3.3: Average temporal parameters calculated from particle tracking simulations. Values 

are expressed in days. See text for explanation. 

SGS  SIS  TPROGS  
Parameter 

Average Std. Dev.  Average Std. Dev.  Average Std. Dev. 

tave 11.17 4.05 10.84 2.34  13.61 1.57 
t5% 1.65 0.34 1.64 0.44  1.04 0.12 
teff 4.75 0.70 4.74 0.86  3.67 0.19 
tpeak 3.07 0.96  2.97 1.20  2.03 1.36 

 

3.5.2 Flow and transport simulation results 

As expected, the average Keff values for the SGS and SIS fields are almost identical 

(LnKeff equal to -2.93 and -2.92, respectively) while that of the T-PROGS realizations is greater 

by a factor of about 1.25, indicating a higher average flow velocity. Spatially averaged 

breakthrough curves calculated from particle tracking simulations are shown in Figure 3.12,  
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Figure 3.12: Spatially averaged 

breakthrough curves resulting from particle 

tracking simulations. The normalized 

concentration is defined as the fraction of 

particles exiting the model domain. 

while Table 3.3 compares the average values 

of temporal parameters resulting from the 

analysis of particle arrival times. The 

ensemble means of the BTCs from the SGS 

and SIS fields are similar in shape and show 

a sharp and well defined peak at early times 

and an extensive tail at later times. Although 

the scale of our investigation is significantly 

smaller than that of the natural gradient tracer 

tests conducted at the MADE site, these 

characteristics of the simulated BTCs are 

consistent with the transport behavior 

observed during the large scale tests and the 

hypothesis that transport is controlled by a 

network of preferential flow paths embedded 
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in lower K matrix.  

The average arrival time of the peaks of the BTCs (tpeak) is 3.1 days for the SGS 

realizations and 3.0 days for the SIS fields. All the other temporal parameters (tave and t5%) are 

also similar for the SGS and SIS realizations. In particular, the average arrival times (tave) are 

11.2 days and 10.8 days, while the average of the arrival times of the fastest particles 

corresponding to 5% of the total (t5%) is about 1.6 days for both the SGS and SIS realizations.  

The shape of the BTCs calculated in the T-PROGS fields is more asymmetric and jagged 

than those in the SGS and SIS fields. Multiple peaks of arrival times are also observed. The 

average arrival time of the particles is 2.0 days and is about one day faster than the average of the 

SGS and SIS fields. The average t5% observed in the T-PROGS realizations is also faster by a 

factor of about 1.6 than the respective values in the SGS and SIS fields. On the other hand, the 

average of the particles arrival times (tave) is higher in the T-PROGS realizations than in the 

variogram-based realizations. The higher degree of asymmetry of the BTCs calculated in the T-

PROGS fields is also indicated by the ratio between tave and the average arrival time of the 

peaks (tpeak) which is equal to 6.7, while for the variogram-based fields it is about 3.5. 

In order to test the significance of the conditioning K estimates on the geostatistical 

simulations and on the transport behavior, the BTCs calculated for the conditional sequential 

Gaussian fields were compared to those in unconditional realizations. Unconditional K fields 

were generated using the same variogram model and flow modeling and particle tracking 

analysis was performed with the model set-up previously described. The comparison clearly 

shows that the shape of the BTCs for conditional and unconditional fields is significantly 
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different (Figure 3.13). It is very remarkable that the BTCs for unconditional fields do not show 

any of the characteristics typical of transport behavior influenced by high flow and transport 

connectivity (i.e., early time sharp peak and significant tailing) which are conversely shown by 

the BTCs in the conditional fields.  
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Figure 3.13. Comparison of breakthrough curves for conditional and unconditional K 

realizations. Conditioning is based on the 1740 K data. 

Anomalous transport behavior and significant connectivity in the simulated K fields are 

also indicated by the slope of the tails of the simulated BTCs (Figure 3.12). The slope for each 

BTC was calculated by plotting the log-log scale BTCs and then by performing least square 

regression of the tail values [Riva et al., 2008]. The average slope for the SGSIM realizations is 
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2.42, with values ranging from 1.51 to 2.97. For the SISIM realizations, the average slope is 

equal to 2.63, with a minimum slope of 1.80 and a maximum of 3.11. The average slope of the 

BTCs generated for T-PROGS realizations is slightly lower (1.89), with values ranging from 

1.46 to 2.39. The low values for the slopes of the tails are a clear indication of anomalous 

transport. Assuming an homogeneous domain with conductivity equal to the mean effective 

conductivity of the SGSIM realizations, the slope of the tail of the BTC generated by solving the 

advection-dispersion equation for an instantaneous pulse is much steeper and equal to 8.92 

(longitudinal dispersivity equal to 1.0 m). More interestingly the slope of the simulated BTCs 

suggests a high degree of connectivity. According to Willman et al. [2008], the slope of a log-log 

plot BTC is mainly influenced by the connectivity of the K field and it reaches asymptotically 2 

as connectivity increases. 

3.5.3 Connectivity of the generated K fields 

The analysis of the characteristics of the simulated flow fields and of the particle tracking 

simulations showed that the generated K fields are characterized by a high degree of flow 

connectivity. This is suggested by the trajectories of the particles with fastest arrival times that 

tend to converge along preferential flow paths (Figures 3.14 and 3.15) whose distribution within 

the model domain is clearly influenced by the occurrence of the high-K clusters. In particular, 

preferential flow paths are less scattered in the xy plane in the variogram-based K fields 

compared to the T-PROGS realizations (Figure 3.15 on the left). Projected on the plane 

perpendicular to the x direction (Figure 3.15 in the center), preferential flow paths are more  
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Figure 3.14. 3-D perspective views of the spatial 

distribution of the 3rd largest, 2nd largest and the 

largest high-K cluster (in green). Black lines 

represent the paths of the fastest particles 

corresponding to the 5th percentile of the arrival 

time distribution. Particle paths start at the 

upgradient face (Y = 167.9 m). The complete set 

of high-K clusters is shown in Figure 3.15. 

tortuous in the variogram-based fields. For all 

realizations, the exit locations of the fastest 

particles tend to cluster at certain patches (Figure 

3.15 on the right) showing that particles, which 

initially entered the system as a distributed cloud, 

converged along preferential flow paths and exited 

the systems in a few selected locations.  

Probabilistic maps showing the exit locations of 

the fastest particles were generated by considering 

all the generated K-fields for each geostatistical 

method (Figure 3.16). These maps show that for 

the simulated portion of the MADE 
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F

Figure 3.15. Spatial distribution of the 20 largest high-K clusters (green areas) and of the paths 

of the fastest particles (black lines) in one realization for each geostatistical method. In each 

diagram, high-K clusters and particles paths are projected on the plane formed by two Cartesian 

axes. Black dots (diagrams on the right) represent the particle exit locations. 
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Figure 3.16. Probabilistic contour maps 

showing the spatial density of the exit 

locations of the fastest particles. 

site aquifer, preferential flow paths are most 

likely located between 5 m and 8 m below 

the land surface, while large areas at the top 

and at the bottom of the simulated domain 

are devoid of exit locations. In particular, an 

area of higher density of exit locations of 

about 0.5 m in thickness and 1 m in length 

along x direction is shown by the T-PROGS 

realizations. Other areas of high 

concentration of exit locations are located 

along the right boundary (at x = -15.25) of 

the simulated domain in the SGS and SIS 

realizations, but their position can be 

influenced by the no-flow conditions 

imposed along this border. 

The spatial relationship between the 

particle paths and the high-K clusters was 
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also analyzed by quantifying the fraction of the particle paths within the high-K clusters versus 

the lower K zones. Considering the fastest particles, 33% on average of the total length of the 

pathlines is located within the high-K clusters in the SGS fields. The lowest percentage is 

measured in the SIS realizations (11%), while 74% of the pathline length is located within the 

high-K clusters in the T-PROGS realizations. These values indicate that significant flow and 

transport connectivity do not necessarily require fully connected lithologic pathways. Rather, 

particles can travel along preferential flow paths jumping from a high-K cluster to another with 

the transition through lower K zone. This finding is consistent with that of Trinchero et al. (2008) 

who studied point-to-point connectivity in a convergent flow field. 

Other observations resulting from the flow and transport simulations also suggest high 

connectivity. Regarding flow connectivity, for example, the geometric mean of the generated K 

fields is lower than the calculated effective conductivity for all the generated K fields. As 

demonstrated by Zinn and Harvey [2003] and Sanchez-Vila et al. [1996], the effective K deviates 

significantly from the geometric mean in K fields with nearly identical lognormal univariate 

conductivity, but different in the patterns by which high- or low-conductivity regions are 

connected. High transport connectivity is also suggested by the highly asymmetric shape of the 

BTCs which indicates that a significant number of particles moved faster than others in the 

simulated domain due to the presence of preferential flow paths. Finally, particle arrival time 

distributions show multiple peaks, especially in the T-PROGS realizations, and this feature can 

also be interpreted as the effect of channeling. Multiple peaks can in fact be generated when 

particles initially move slowly out of zones of low-K and then travel at higher velocity along the 
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preferential flow paths  [see also Liu et al., 2007]. 

A more quantitative assessment of the degree of connectivity in the SGS, SIS and T-

PROGS realizations is shown by the values of the indicators presented in Table 3.4. As 

previously described, the first group of indicators (Group 1) is based on the spatial characteristics 

of the high-K clusters. The average number of high-K clusters in the SGS realizations is almost 

three times higher than in the SIS realizations and more than six times higher than the 

corresponding average in the T-PROGS realizations. The volume fraction of the channels in the 

SGS and T-PROGS methods honor the actual frequency of high-K values in the data (10 %), 

while in the SIS realizations the average volume fraction of high-K clusters is slightly lower (7.9 

%). Even though the SGS realizations have the largest number of high-K clusters, the average 

number of cells in the largest and second largest connected zones is lower than in the SIS and T-

PROGS fields. The average number of cells composing the largest connected high-K cluster in 

the SGS realizations is in fact 987, and it is lower than the corresponding values in the SIS and 

T-PROGS realizations by a factor of 1.26 and 2.34, respectively.  

The disparity between the different methods is reduced when we consider the dimensions 

of the second largest connected high-K cluster which is composed by an average of 562 (SGS), 

615 (SIS) and 913 cells (T-PROGS). In addition, Gaussian realizations have the highest 

percentage of single cell bodies (almost 70%) and also the highest surface area to volume ratio 

for the largest and second largest high-K clusters. This ratio is an indication of the shape of the 

connected zones since it is proportional to the degree of tortuosity. For a fixed volume, the 

greater the surface area the more tortuous the connected high-K clusters. The characteristics of 
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the generated SGS fields are consistent with the results of previous studies suggesting that 

extreme values are less inclined to cluster in multi-Gaussian random fields [e.g., Rubin and 

Journel, 1991; Sánchez-Vila et al., 1999; Gómez-Hernández and Wen, 1996]. However, 

observing the spatial distribution of the largest, second largest and third largest connected high-K 

clusters (Figure 3.14), it is possible to recognize a spatial arrangement that resembles that of a 

PFP network, even in the SGS realizations, and this has an impact on the distribution of the 

fastest paths. The highest degree of connectivity is clearly shown by the T-PROGS realizations 

where the high-K clusters are more continuous especially in the horizontal plane.  

The results of the first group of connectivity indicators indicate that connected high-K 

clusters certainly can be present in the investigated portion of the MADE site aquifer. Among all 

60 realizations, the largest connected high-K cluster corresponds to the T-PROGS realization 

#17 and is composed of 4530 cells. This value corresponds to a volume that is about 7.5% of the 

total. On the other hand, the smallest connected high-K cluster was observed in the SGS 

realization #3 and is composed by only 268 cells.  

Flow and transport connectivity in the generated K fields is also confirmed by the values 

of the second group of indicators (Group 2 in Table 3.4). These are calculated from the results of 

the groundwater flow and particle tracking simulations. The indicator of flow connectivity CI1 

shows that for all generated K fields the average effective conductivity is higher than the average 

geometric mean by a factor ranging from 1.97 for the SGS realizations to 2.16 for the T-PROGS 

fields. According to Zinn and Harvey [2003] and Knudby and Carrera [2005], such results 

suggest that the flow fields are characterized by the presence of preferential flow paths. Values 
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of the indicators CI2 and confirm that particle transport in the generated K fields is highly 

asymmetric, determining anomalous peaks of arrival times and extensive tailing in the simulated 

BTCs. This is mostly evident for the T-PROGS realizations that have an average CI2 value of 

13.15, but it is also indicated by the averages calculated for the SIS and SGS fields.  

Table 3.4: Average spatial connectivity indicators. See text for the explanation of the two 

groups. 

SGS  SIS   TPROGS  
Indicator 

Average Std. 
Dev.  Average Std. Dev.   Average Std. 

Dev. 

Group 1 

Total number of high-K 
zones 1608 85.6 5947 79.6  260 43.2 

Volume fraction  0.10 0.01 0.08 0.01  0.01 0.001 

Number of cells in the 
largest connected high-K 
zone 

987 470.4 1243 554.9  2305 809.6 

Surface area/volume 2.9 0.3 2.8 0.2  2.2 0.1 

Number of cells in the 2nd 
largest connected high-K 
zones 

562 344.0 616 262.3  914 397.1 

Surface area/volume 3.0 0.2 2.9 0.2  2.1 0.2 

Fraction of single cells 0.67 0.01 0.63 0.02  0.59 0.04 

Group 2 

CI1 1.96 0.09 2.14 0.21  2.16 0.11 

CI2 6.69 1.26 7.07 2.42  13.15 0.77 
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3.6 Conclusions 

Previous experimental and modeling studies supported the hypothesis that the 

connectivity of highly permeable sediments exerts a significant control on solute transport in the 

highly heterogeneous aquifer at the MADE site. In this study we tested this notion by analyzing 

the connectivity of 3-D simulated K fields, representative of a small portion (6×6×6.2 m3) of the 

aquifer. Geostatistical simulations were conditioned to 1740 values of hydraulic conductivity 

estimated from the grain size analysis of soil samples corresponding to small segments (5 cm in 

thickness) of nineteen newly collected cores. Based on the results of previous studies showing 

that different geostatistical methods can produce realizations with very different degrees of 

connectivity, we applied three different geostatistical simulation methods. This choice was made 

with the twofold objective of producing a wider range of possible representations of the actual 

heterogeneity and minimizing the chance that our results could have been biased by the 

characteristics of a single geostatistical simulation method.  

The 3D data set itself represents one of the contributions of this work. The level of detail 

at which heterogeneity is documented, especially along the vertical direction, is extraordinary 

and quite valuable. For this reason, it can be used for the development and testing of new 

approaches for the characterization of the heterogeneity of porous media and the 

conceptualization of the mechanisms of solute transport. 

Groundwater flow, advective transport simulations and two groups of connectivity 

indicators were used to assess and eventually quantify flow and transport connectivity in the 

generated K fields. Several observations derived from the flow and particle tracking simulations 
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suggested a high degree of connectivity. Particle tracking simulations showed that the fastest 

particles converge along preferential flow paths and exit from the model domain in just a few 

selected small patches. These patches are concentrated mostly in the middle sector of the 

domain, at depths ranging from 5 m to 8 m below the land surface. The distribution of the 

preferential flow paths and particles exit locations is clearly influenced by the occurrence of the 

highest K zones. We also quantified the fraction of the particle paths that is within the high K 

zones. Calculated values range from 11% in the SIS realizations to 74% in the T-PROGS fields. 

Low fractions indicate that particles traveled along preferential flow paths jumping from one 

high-K cluster to another with transitions through lower K zones. This behavior suggests that 

significant flow and transport connectivity do not necessarily require connected lithologic 

structures.  

Other characteristics of the simulated flow fields and transport behavior consistent with 

significant connectivity and channeling include the ratio between effective conductivities and 

their corresponding geometric mean values, and the shape of the simulated BTCs. The K ratio is 

equal to about 2 on average, suggesting the entire K field becomes twice as conductive due to the 

connectedness of higher K zones. The simulated BTCs are characterized by sharp peaks at early 

times and extensive tailing. Moreover, multiple peaks are observed especially for in the K-fields 

generated with T-PROGS. All these characteristics can be interpreted to be the results of a 

transport mechanism consisting of the fast movement of a significant number of particles along 

preferential flow paths. 

The high degree of connectivity suggested by the flow and transport simulations was 
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confirmed by the values of two groups of connectivity indicators. The first group [Deutsch, 

1998] indicates that connected high-K clusters can be present in the investigated portion of the 

MADE site. On average, the largest connected high-K body in the simulated fields represents a 

small fraction of the total volume ranging from 1.6%, in the SGS realizations, to 3.8% for the T-

PROGS fields. The largest connected body among all the realizations occupies about 7.5% of the 

total interpolated volume. In addition to their dimension, the spatial distribution of the high-K 

clusters is not random and supports the formation of preferential flow paths as indicated by the 

values of the second group of connectivity indicators that contain information on the degree of 

flow channeling and transport connectivity [Knudby and Carrera, 2005]. In all the generated K 

fields the effective conductivity is higher than the geometric conductivity by a factor of about 2. 

The average arrival time of the particles is also 9 times greater than the arrival time of a smaller 

fraction of particles corresponding to 5% of the total. The values of the second group of 

connectivity indicators are consistent with the results of the groundwater flow and transport 

simulations. A significant proportion of particles traveled faster than the average along 

preferential flow paths and generated the highly asymmetric shape of the BTCs.  

Anomalous transport behavior and significant connectivity in the simulated K fields are 

also indicated by the slope of the tails of the simulated BTCs. The slope for each BTC was 

calculated by plotting the log-log scale BTCs and then by performing least square regression of 

the tail values. The average slope for the SGSIM realizations is 2.42. For the SISIM realizations, 

the average slope is equal to 2.63. The average slope of the BTCs generated for T-PROGS 

realizations is slightly lower at 1.89. The low values for the slopes of the tails are a clear 
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indication of anomalous transport due to significant connectivity. 

 

Acknowledgments. This material is based upon work supported by the National Science 

Foundation under Grant Nos. EAR 0538011, EAR 0537668, and EAR 0738960. Any opinions, 

findings, and conclusions or recommendations expressed in this material are those of the 

author(s) and do not necessarily reflect the views of the National Science Foundation. 

 

References 

Adams, E. E., and L.W. Gelhar (1992), Field study of dispersion in a heterogeneous aquifer: 2. 
Spatial moment analysis, Water Resour. Res., 28(12), 3293-3308. 

Anderson, M. P. (1989), Hydrogeologic facies models to delineate large-scale spatial trends in 
glacial and glaciofluvial sediments, Geol. Soc. Am. Bull., 101(4), 501– 511. 

Anderson, M. P. (1997), Characterization of geological heterogeneity, in G. Dagan, and S.P. 
Neuman (eds.), Subsurface Flow and Transport, Cambridge University Press, Cambridge, 
pp. 23–43. 

Baeumer, B., D. A. Benson, M. M. Meerschaert, and S. W. Wheatcraft (2001), Subordinated 
advection-dispersion equation for contaminant transport, Water Resour. Res., 39(10), 
1296, doi:10.1029/2003WR002141. 

Barlebo, H. C., M. C. Hill, and D. Rosbjerg (2004), Investigating the Macrodisperion 
Experiment (MADE) site in Columbus, Mississippi, using a three-dimensional inverse 
flow and transport model, Water Resour. Res., 40, W04211, 
doi:10.1029/2002WR001935. 

Berkowitz, B., and H. Scher (1998), Theory of anomalous chemical transport in random fracture 
networks, Phys. Rev. E, 57(5), 5858– 5869. 

Bianchi M., C. Zheng, G.R. Tick and S.M. Gorelick (2007), Evaluation of Fickian and non-
Fickian models for solute transport in porous media containing decimeter-scale 
preferential flow paths. In: Calibration and Reliability in Groundwater Modelling: 
Credibility of Modelling, Proceedings of ModelCARE 2007 Conference, held in 



 

100 

Denmark, September 2007, IAHS Publ. 320.  

Bianchi M., C. Zheng, G.R. Tick and S.M. Gorelick (2010), Investigation of small-scale 
preferential flow with a forced-gradient tracer test, Ground Water in press. 

Blöschl, G. (1996), Scale and scaling in hydrology. Habilitationsschrift. Wiener Mitteilungen, 
Wasser-Abwasser-Gewässer, vol. 132. Technical University of Vienna, Vienna. 

Boggs, J. M., S. C. Young, D. J. Benton, and Y. C. Chung (1990), Hydrogeological 
characterization of the MADE site, EPRI EN-6915, Research Project 2485-5, Norris, 
Tennessee. 

Boggs, J.M (1991), Database for the First Macrodispersion Experiment (MADE-1), Tech. Rep. 
EN-7363, Electric Power Res. Inst., Palo Alto, California. 

Boggs, J. M., S. C. Young, and L. M. Beard (1992), Field study of dispersion in a heterogeneous 
aquifer 1. Overview and site description, Water Resour. Res., 28(12), 3281–3291. 

Boggs, J.M., L.M. Beard, S.E. Long, M.P. McGee, W.G. MacIntyre, C.P. Antworth, and T.B. 
Stauffer (1993), Database for the Second Macrodispersion Experiment (MADE-2), Tech. 
Rep. TR-102072, Electric Power Res. Inst., Palo Alto, California. 

Bowling, J. C., A. B. Rodriguez, D. L. Harry, and C. Zheng (2005), Delineating alluvial aquifer 
heterogeneity using resistivity and GPR data, Ground Water, 43(6), 890– 903. 

Breyer, W. (1964), On the determination of hydraulic conductivity of gravel and sands from 
grain-size distributions, Wasser-wirtschaft-Wassertechnik, 14, 165–169. 

Carle, S.F., and G.E. Fogg (1996), Transition probability-based indicator geostatistics, Math. 
Geol., 28(4), 453–476. 

Carle, S.F. (1999), T-PROGS: Transition Probability Geostatistical Software, version 2.1. Davis, 
California: University of California. 

Carle S.F., and G.E. Fogg (1997), Modeling spatial variability with one and multidimensional 
continuous-lag Markov chains, Math. Geol., 29(7), 891–918. 

Carle S.F., E.M. LaBolle, G.S. Weissmann, D. VanBrocklin D,and G.E. Fogg (1998), 
Geostatistical simulation of hydrostratigraphic architecture: a transition probability / 
Markov approach, in Concepts in Hydrogeology and Environmental Geology No. 2, 
SEPM Special Publication, p. 147–170 

Carrier, W.D. (2003), Goodbye, Hazen; Hallo, Kozeny-Carman, J. Geotech. and Geoenvir. 



 

101 

Engrg., 129(11), 1054–1056. 

Dai, Z., R.W. Ritzi, and D.F. Dominic (2005), Improving permeability semivariograms with 
transition probability models of hierarchical sedimentary architecture derived from 
outcrop-analog studies, Water Resour. Res., 41, W07032, doi:10.1029/2004WR003515. 

Deutsch, C.V. (1998), FORTRAN programs for calculating connectivity of three-dimensional 
numerical models and for ranking multiple realizations, Computers & Geosciences, 
24(1), 69–76. 

Deutsch, C.V., and A.G. Journel (1998), GSLIB geostatistical software library and user’s guide, 
2nd ed, Oxford University Press, New York, 369p. 

Eggleston, J., and S. Rojstaczer (1998), Identi_cation of large-scale hydraulic conductivity trends 
and the influence of trends on contaminant transport, Water Resour. Res., 34(9), 2155–
2168. 

Feehley, C.E., C. Zheng, and F.J. Molz (2000), A dual-domain mass transfer approach for 
modeling solute transport in heterogeneous porous media, application to the MADE site, 
Water Resour. Res., 36(9), 2051-2515. 

Fogg, G.E. (1986), Groundwater flow and sand-body interconnectedness in a thick, multiple-
aquifer system. Water Resour. Res., 22(5), 679–694. 

Fogg, G.E., C.D. Noyes, and  S.F. Carle (1998), Geologically-based model of heterogeneous 
hydraulic conductivity in an alluvial setting. Hydrogeol. J.,  6(1), 131–143. 

Fogg, G.E., S.F. Carle, and C. Green (2000), Connected-network paradigm for the alluvial 
aquifer system. In Zhang, D., C.L. Winter, eds., Theory, modeling, and field investigation 
in hydrogeology: A special volume in honor of Shlomo P. Neuman’s 60th birthday. 
Geological Society of America, p. 25–42. Special paper 348. 

Gómez-Hernández, J.J., and X-H. Wen (1998), To be or not to be multi-Gaussian? A reflection 
on stochastic hydrogeology. Adv. Water Resour., 21(1), 47–61. 

Gorelick, S. M., G. Liu, and C. Zheng (2005), Quantifying mass transfer in permeable media 
containing conductive dendritic networks, Geophys. Res. Lett., 32, L18402, 
doi:10.1029/2005GL023512. 

Guin, A., and R.W. Ritzi (2008), Studying the effect of correlation and finite-domain size on 
spatial continuity of permeable sediments, Geophysical Research Letters, (35), 
doi:10.1029/2007GL032717, 2008 



 

102 

Harbaugh, A. W., E. R. Banta, M. C. Hill, and M. G. McDonald (2000), MODFLOW- 2000, the 
U. S. Geological Survey modular ground-water model — user guide to modularization 
concepts and the ground-water flow process, U. S. Geological Survey Open-File Report 
00-92, pp. 121. 

Harter, T. (2005), Finite-size scaling analysis of percolation in three-dimensional correlated 
binary Markov chain random fields, Phys Rev E., doi:10.1103/PhysRevE.72.026120. 

Harvey, C.F., and S.M. Gorelick (2000), Rate-limited mass transfer or macrodispersion: Which 
dominates plume evolution at the Macrodispersion Experiment (MADE) site? Water 
Resour. Res., 36(3), 637-650. 

Hazen, A. (1892), Some physical properties of sands and gravels, with special reference to their 
use in filtration. 24th Annual Report, Massachusetts State Board of Health, Pub. Doc. No. 
34, pp. 539–556. 

Heinz, J., S. Kleineidam, G. Teutsch, and T. Aigner (2003), Heterogeneity patterns of 
Quaternary glaciofluvial gravelbodies (SW-Germany):application to hydrogeology. Sed. 
Geol., 158, 1–23. 

Isaaks, E.H., and R.M. Srivastava (1989). Applied Geostatistics, Oxford Univ. Press, New York, 
561 pp. 

Julian, H.E., J.M. Boggs, C. Zheng, and C.E. Feehley (2001), Numerical simulation of a natural 
gradient tracer experiment for the Natural Attenuation Study: flow and physical transport, 
Ground Water, 39(4), 534–545. 

Journel, A. G., and F. Alabert (1989), Non-gaussian data expansion in the earth sciences, Terra 
Nova, (1), 123– 134. 

Journel, A. G., and C. V. Deutch (1993), Entropy and spatial disorder, Math. Geol., 25(3), 329-
355. 

Kasenow, M. (2002). Determination of hydraulic conductivity from grain size analysis, Water 
Resource Publications, LLC, 110 pp. 

Knuby, C., J. Carrera (2005), On the relationship between indicators of geostatistical, flow and 
transport connectivity. Adv. Water Resour., 28(4), 405–21. 

Koltermann, C. E., and S. M. Gorelick (1996), Heterogeneity in sedimentary deposits: A review 
of structure-imitating, process-imitating, and descriptive approaches, Water Resour. Res., 
32(9), 2617– 2658. 



 

103 

LaBolle E.M., and G.E. Fogg (2001), Role of molecular diffusion in contaminant migration and 
recovery in an alluvial aquifer system, Transport Porous Media, 42 (1-2), 155–179 

LeBlanc, D. R., S. P. Garabedian, K. M. Hess, L. W. Gelhar, R. D. Quadri, K. G. Stollenwerk, 
and W. W. Wood (1991), Large-scale natural gradient tracer test in sand and gravel, Cape 
Cod, Massachusetts: 1. Experimental design and observed tracer movement, Water 
Resour. Res., 27(5), 895–910. 

Lee S-Y., S.F. Carle, and G.E. Fogg (2007), Geologic heterogeneity and a comparison of two 
geostatistical models: Sequential Gaussian and transition probability-based geostatistical 
simulation, Adv. Water Resour.,  30, 1914–1932. 

Liu, G., C. Zheng, and S. M. Gorelick (2004), Limits of applicability of the advection-dispersion 
model in aquifers containing connected high-conductivity channels, Water Resour. Res., 
40, W08308, doi:10.1029/2003WR002735. 

Liu, G., C. Zheng, and S. M. Gorelick (2007), Evaluation of the applicability of the dual-domain 
mass transfer model in porous media containing connected high-conductivity channels, 
Water Resour. Res., 43, W12407, doi:10.1029/2007WR005965. 

Liu, G., C. Zheng, G.R. Tick, Butler J.J and S. M. Gorelick (2010), Relative importance of 
dispersion and rate-limited mass transfer in highly heterogeneous porous media: Analysis 
of a new tracer test at the Macrodispersion Experiment (MADE) site, Water Resour. Res., 
46, W03524, doi:10.1029/2009WR008430. 

Llopis-Albert C. and J.E. Capilla (2009), Gradual conditioning of non-Gaussian transmissivity 
fields to flow and mass transport data: 3. Application to the Macrodispersion Experiment 
(MADE-2) site, on Columbus Air Force Base in Mississippi (USA). J. Hydrol., 371, 
no.1-4: 75–84. 

Mackay, D. M., D. L. Freyberg, P. V. Roberts, and J. A. Cherry (1986), A natural gradient 
experiment on solute transport in a sand aquifer: 1. Approach and overview of plume 
movement, Water Resour. Res., 22(13), 2017–2029. 

Pollock, D.W. (1994), User’s Guide for MODPATH/MODPATH-PLOT, Version 3: A particle 
tracking post-processing package for MODFLOW, the U. S. Geological Survey finite-
difference ground-water flow model, U. S. Geological Survey Open-File Report 94-464.  

Proce, C.J., R.W. Ritzi, D.F. Dominic and Z. Dai (2004), Modeling multi-scale heterogeneity 
and aquifer interconnectivity, Ground Water, Vol.42(5), 658-670. 

Rehfeldt, K. R., J. M. Boggs, and L. W. Gelhar (1992), Field study of dispersion in a 
heterogeneous aquifer 3. Geostatistical analysis of hydraulic conductivity, Water Resour. 



 

104 

Res., 28(12), 3309–3324. 

Ritzi, R.W. (2000), Behavior of indicator variograms and transition probabilities in relation to 
the variance in lengths of hydrofacies, Water Resour. Res., 36(11), 3375-3381. 

Ritzi, R. W., Z. Dai, D.F. Dominic, and Y.N Rubin (2004), Spatial correlation of permeability in 
cross-stratified sediment with hierarchical architecture, Water Resour. Res., 40(3), 
W03513, doi: 10.1029/2003WR002420. 

Riva M., A. Guadagnini, D. Fernadez-Garcia, X. Sanchez-Vila, and T. Ptak (2008) Relative 
importance of geostatistical and transport models in describing heavily tailed 
breakthrough curves at the Lauswiesen site, Journal of Contaminant Hydrology, 101, 1–
13. 

Ronayne, M. J., S. M. Gorelick, and C. Zheng (2010). Geological modeling of sub-meter scale 
heterogeneity and its influence on tracer transport in a fluvial aquifer, Water Resour. 
Res., doi:10.1029/2010WR009348. 

Rubin, Y. and A. G. Journel, (1991), Simulation of non-Gaussian space random functions for 
modeling transport in groundwater, Water Resour. Res., 27, 1711–1721. 

Salamon, P., D. Fernandez-Garcia, and J. J. Gómez-Hernández (2007), Modeling tracer transport 
at the MADE site: The importance of heterogeneity, Water Resour. Res., 43, W08404, 
doi:10.1029/2006WR005522.  

Sànchez-Vila, X., J. Carrera, and J.P. Girardi (1996), Scale effects in transmissivity, J. Hydrol. 
183, 1–22. 

Scheibe, T.D., and S. Yabusaki (1998), Scaling of flow and transport behavior in heterogeneous 
groundwater systems, Adv. Water Resour., 22(3), p. 223-238. 

Schumer, R., D. A. Benson, M. M. Meerschaert, and B. Baeumer (2003), Fractal mobile/ 
immobile solute transport, Water Resour. Res., 39(10),1296, doi:10.1029/ 
2003WR002141. 

Silliman, S. E. and A. L. Wright (1988), Stochastic analysis of paths of high hydraulic 
conductivity in porous media, Water Resour. Res., 24,  1901-10. 

Tidwell, V. C., and J. L. Wilson (1999), Permeability upscaling measured on a block of Berea 
Sandstone: Results and interpretation, Math. Geol., 31(7), 749– 769. 

Trinchero, P., X. Sánchez-Vila, and D. Fernàndez-Garcia (2008), Point-to-point connectivity, an 
abstract concept or a key issue for risk assessment studies? Adv. Water Resour., (31), 



 

105 

1742–1753. 

Tsang, C.F and I. Neretnieks (1998), Flow channeling in heterogeneous fractured rocks. Rev. 
Geophys., 36(2), 275–98. 

Vassena, C., L. Cattaneo, and  M. Giudici (2009), Assessment of the role of facies heterogeneity 
at the fine scale by numerical transport experiments and connectivity indicators. 
Hydrogeol. J., doi: 10.1007/s10040-009-0523-2 

Webb, E.K., and M.P. Anderson (1996), Simulation of preferential flow in three-dimensional 
heterogeneous conductivity fields with realistic internal architecture. Water Resour. Res. 
32(3), 533–545. 

Western, A. W., G. Bloschl, and R. B.Grayson (2001), Toward capturing hydrologically 
significant connectivity in spatial patterns. Water Resour Res., 37(1), 83–97. 

Willmann, M., J. Carrera, and X. Sanchez-Vila (2008), Transport upscaling in heterogeneous 
aquifers: What physical parameters control memory functions?, Water Resour Res., 44, 
W12437, doi:10.1029/2007WR006531. 

Zhang, Y., and D. A. Benson (2008), Lagrangian simulation of multidimensional anomalous 
transport at the MADE site. Geophys. Res. Lett., 35, L07403, doi:10.1029/2008 
GL033222. 

Zheng, C., and J.J. Jiao (1998), Numerical simulation of tracer tests in a heterogeneous aquifer, 
Journal of Environmental Engineering, 124(6), 510-516. 

Zheng, C., and S.M. Gorelick (2003), Analysis of Solute Transport in Flow Fields Influenced by 
Preferential Flowpaths at the Decimeter Scale, Ground Water, 41(2), 142-155. 

Zinn, B. and C.F. Harvey (2003), When good statistical models of aquifer heterogeneity go bad: 
a comparison of flow, dispersion, and mass transfer in connected and multivariate 
Gaussian hydraulic conductivity fields, Water Resour. Res.,39(3), doi:10.1029/ 
2001WR001146. 

 



 

106 

CHAPTER 4 

 

INVESTIGATION OF SMALL-SCALE PREFERENTIAL FLOW WITH A FORCED-
GRADIENT TRACER TEST3 

 

 

Abstract. A new tracer experiment (referred to as MADE-5) was conducted at the well known 

Macrodispersion Experiment (MADE) site to investigate the influence of small-scale mass-

transfer and dispersion processes on well-to-well transport. The test was performed under dipole 

forced-gradient flow conditions and concentrations were monitored in an extraction well and in 

two multilevel sampler wells (MLSs) located at 6 m, 1.5 m and 3.75 m from the source, 

respectively. The shape of the breakthrough curve (BTC) measured at the extraction well is 

strongly asymmetric showing a rapidly arriving peak and an extensive late-time tail. The BTCs 

measured at seven different depths in the two MLSs are radically different from one another in 

terms of shape, arrival times, and magnitude of the concentration peaks. All of these 

characteristics indicate the presence of a complex network of preferential flow pathways 

controlling solute transport at the test site. Field experimental data were also used to evaluate two 

transport models: a stochastic advection-dispersion model (ADM) based on conditional 

multivariate Gaussian realizations of the hydraulic conductivity field, and a dual-domain single-

rate mass transfer (DDSR) model based on a deterministic reconstruction of the aquifer 

                                                 
3 This chapter constitutes a journal article that was published in Ground Water in 2010. 
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heterogeneity. Unlike the stochastic ADM realizations, the DDSR accurately predicted the 

magnitude of the concentration peak and its arrival time (within a 1.5% error). For the multilevel 

BTCs between the injection and extraction wells, neither model reproduced the observed values, 

indicating that a high-resolution characterization of the aquifer heterogeneity at the sub-

decimeter scale would be needed to fully capture 3D transport details. 

 

4.1 Introduction 

Tracer experiments are essential tools to characterize aquifer properties and to understand 

the mechanisms responsible for solute transport in porous and fractured media. Experimental 

data collected during these tests have been essential for the development and testing of transport 

theories and mathematical models. In this context, the tracer experiments conducted at the 

Macrodispersion Experiment (MADE) site located in Columbus, Mississippi, have played a very 

important role. Three large-scale natural gradient tracer experiments were conducted at the 

MADE site from the mid-80s to the end of the 90s. In the first two experiments, usually referred 

to as MADE-1, MADE-2, conservative tracers including bromide and tritium were injected in 

the unconfined aquifer underlying the site and concentrations were then monitored through a 

dense network of multilevel samplers (MLSs) extending over 280 m along the mean plume 

trajectory [Boggs, 1991; Boggs et al., 1992; Boggs et al., 1993]. Due to the large number of 

MLSs (258 and 328) , the sampling scheme provided only “snapshots” of the plume evolution; 

concentrations were sampled eight times (over a period of 20 months) during the MADE-1 
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experiment and five times (over a period of 15 months) during the MADE-2 experiment. In the 

third tracer test, also referred to as the Natural Attenuation Study (NATS or MADE-3), a source 

trench was used to inject six hydrocarbon compounds and bromide to mimic an instantaneous 

release. A total of six snapshots of the plume were sampled over a period of 20 months [Boggs et 

al., 1995; Libelo et al., 1997; Julian et al., 2001]. More recently, a small-scale single-well push-

pull test (MADE-4) was conducted in a well located approximately 100 m NNW of the source 

injection wells used for the MADE-1 and MADE-2 tracer experiments [Liu et al., 2009b]. 

Bromide was injected for 4.1 hours and ground water containing bromide was pumped from the 

well for approximately 17 days after a resting period of about 19 hours. 

The analysis of the three large-scale experiments revealed the strongly non-Fickian, 

highly asymmetric character of the generated tracer plumes, with the highest concentrations 

localized close to the sources and extensive down-gradient spreading of dilute solute. Several 

studies employing different transport modeling approaches have attempted to simulate the 

colleted experimental data [e.g. Adams and Gelhar, 1992; Eggleston and Rojstaczer, 1998; 

Berkowitz and Scher, 1998; Harvey and Gorelick, 2000; Feehley et al., 2000; Julian et al., 2001; 

Brauner and Widdowson, 2001; Baeumer et al., 2001; Schumer et al., 2003; Barlebo et al., 2004; 

Salomon et al., 2007; Zhang and Benson, 2008; Llopis-Albert and Capilla, 2009]. Most of these 

works showed that transport behavior at the MADE site cannot be reproduced with the classical 

advection-dispersion model (ADM). Harvey and Gorelick [2000] and Feehley et al. [2000] 

suggested that the aquifer at the MADE site is characterized by significant connectivity, resulting 

from the presence of a network of highly conductive channels or preferential flow paths (PFPs) 
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embedded in a low permeable matrix. The inability of the ADM to reproduce the observed plume 

spreading was then related to the scale of these PFPs which are likely smaller than the grid 

spacing of the implemented numerical models.  

Several mass-transfer based modeling approaches, alternatives to the ADM, successfully 

reproduced the MADE site experimental data [Berkowitz and Scher, 1998; Benson et al., 2001; 

Baeumer et al., 2001; Lu et al., 2002; Zhang et al., 2007; Zhang and Benson, 2008]. The simplest 

of these approaches, the dual-domain model, conceptualizes the aquifer as consisting of two 

distinct mobile and immobile domains and the effect of unresolved heterogeneities is mimicked 

by mass transfer processes between the two domains. This approach not only is able to reproduce 

the two main characteristics of the plumes generated by the large-scale experiments, (i.e., 

anomalous mass accumulation near the sources and extensive low-concentration spreading) as 

shown by several studies [Harvey and Gorelick, 2000; Feehley et al., 2000; Julian et al, 2001; 

Guan et al., 2008; Llopis-Albert et al., 2009], but also explains the apparent increase in solute 

mass observed during the early stages of the experiments and the apparent mass loss at later 

times [Harvey and Gorelick, 2000]. These models provide indirect evidence of the importance of 

small-scale preferential flow paths at the MADE site. 

Salomon et al. [2007] suggested that solute spreading at the MADE site may be 

accounted for using an ADM if aquifer heterogeneity is represented in detail with values derived 

from the flowmeter measurements presented in Rehfeldt et al. [1992]. Using a fine-grid 

advection-dispersion model based on multiple realizations of the hydraulic conductivity (K) 

field, they found that the ADM can reproduce the average transport behavior during the MADE-
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2 experiment for a small subset of the K realizations generated from a semivariogram structure 

that emphasizes spatial continuity. This result was interpreted as an indication that the need for 

alternative transport models can be related to the suppressed spatial variation of the K field at the 

scale used by previous models.  

From this review, it is evident that almost 25 years after the first tracer experiment and 

many published papers and models, understanding the transport mechanisms at the MADE site is 

still a work in progress. Here we provide additional field-experimental data and modeling results 

to help shed further light on some important issues, such as the importance of the presence and 

scale of the PFP network and which transport models provide a feasible representation of the 

transport mechanisms. For this purpose we designed and conducted a new tracer experiment 

(referred to hereafter as MADE-5) to investigate solute transport at the inter-well scale. The test 

was conducted under a local forced-gradient regime to generate well-defined experimental 

conditions by minimizing the effects of natural gradient variations and to reduce the duration of 

the experiment [Ptak et al., 2004]. Unlike previous tracer tests at the MADE site, the data set 

collected during the MADE-5 experiment include more highly resolved multilevel breakthrough 

curves allowing a more detailed examination of the transport behavior in space and time. The test 

was designed with the intent of providing a clear indication of the existence and the scale of 

preferential flow paths by comparing the characteristics of breakthrough curves measured at 

different depths in the aquifer. The new experimental data were then used to evaluate two 

transport models: a stochastic ADM, with multiple conditional K realizations, and a dual-domain 

single-rate mass transfer (DDSR) model based on a deterministic reconstruction of aquifer 
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heterogeneity. The goal was to test whether the support scale for the existing flowmeter K data is 

fine enough to effectively simulate the MADE-5 experiment with the ADM or, alternatively, if 

the dual-domain model is needed since the available K data do not provide an adequate 

representation of the cm-scale heterogeneity. 

4.2 Field and experimental setting 

A comprehensive presentation of the geological characteristics and hydrogeologic setting 

of the MADE site has been offered by Boggs et al. [1990], Boggs et al. [1992], Rehfeldt et al. 

[1992], Bowling et al. [2005] and Zheng [2006]. Here we present only a brief description of the 

stratigraphic setting but a detailed report of the instrumentation used in this experiment.  

4.2.1 Site description 

The MADE site is characterized by a shallow unconfined aquifer composed of poorly to 

well-sorted sandy gravel and gravelly sand, with minor amounts of silt and clay. The three-

dimensional K distribution was investigated by means of flowmeter measurements in 66 

boreholes (Figure 4.1b) with a vertical support scale of approximately 15 cm. Statistical analysis 

of the collected data (more than 2500 measurements) revealed a lognormal distribution and 

extremely high heterogeneity [Rehfeldt et al., 1992]. The geometric mean of the flowmeter 

measurements of K is about 4.3×10-3 cm/s, while the variance of the natural logarithms of the 

measured K is 4.5. The MADE-5 tracer test was conducted in a sector of the MADE site located 

approximately 65 m north of the source wells used in the previous MADE-1 and MADE-2 

experiments. In particular, as shown in Figure 4.1c, this sector is located between boreholes K-21 
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and K-28 as labeled by Boggs [1991], Rehfeldt et al. [1992] and Boggs et al. [1993]. Two 

continuous cores were collected at the test site using direct-push technology to minimize the  
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Figure 4.1: Maps showing the location of the MADE site and the new MADE-5 tracer 

experiment: general location of the MADE site (a); model domain for transport simulation and 

location of the flowmeter wells and the wells used for the MADE-5 experiment (b); detailed 

location of the extraction and injection wells and the two MLSs (c). Note: the dashed line 

represents the location of the cross-section shown in Figure 4.4. 
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disturbance of the samples and preserve the actual heterogeneity and structure of the aquifer 

material. Lithologic analysis confirmed the hydrostratigraphic setting found by previous studies 

showing a predominance of sandy to gravelly clay deposits in the upper 2 m of the vertical 

profile, overlaying an interval of about 9 m of sandy gravel and gravelly sand. The bottom part 

of the aquifer is characterized by about 1.5 m of mixed sand and fine sediments. In the 

investigated portion of the MADE site, the clay rich marine sediments of the Eutaw formation 

constituting the aquitard beneath the alluvial aquifer are found at a depth of about 12 m below 

the ground surface. The general direction of ground water flow is northward and the average 

water table depth is about 4 m below land surface, with seasonal oscillations ranging from 2 m to 

3 m [Boggs et al., 1992].  

4.2.2 MADE-5 Field Tracer Experiment  

Four wells were installed for tracer injection, extraction and monitoring. The boreholes 

for the wells installation were created with a hollow stem auger and each well was drilled to the 

bottom of the aquifer (12.2 m below the ground surface). The injection and extraction wells 

consist of a PVC pipe with an outside diameter of 10.16 cm and were screened over the entire 

saturated thickness (Figure 4.2a). These two wells were located 6 m apart and the two multilevel 

sampler wells (MLS) were installed in between, at a distance of 1.5 m and 3.75 m from the 

injection well (Figure 4.2c). The MLSs consist of custom extruded, high-density polyethylene 

(HDPE) tubing with an outside diameter of 4.1 cm and containing internal partitions forming 

seven discrete channels (Figure 4.2b). In each MLS, seven intake ports were created by drilling 1 



 

114 

cm diameter holes through the exterior wall of the tubing for ground water sample collection at 

selected depths. The shallowest monitored depth (Level 1 in Figure 4.2a) is associated with 

channel 1, and the other ports are drilled in the remaining channels of the tubing with a uniform 

spacing of 1.2 m. The central channel (Level 7) was left open to the bottom of the multilevel 

sampling well. Well screens were constructed by wrapping stainless-steel fabric mesh around the 

tubing over the sampling ports. The channels below the intake ports were plugged by injecting a 

polyethylene sealant and polyethylene plugs were also injected into each of the outer six 

channels at the very bottom of the well to effectively seal the various channels. Layers of filter 

sand and bentonite pellets were used to fill the annular space between the MLS tubing and the 

borehole walls. The thickness of the sand packs surrounding each intake port was 0.46 m. More 

details on the characteristics of this type of multilevel ground water monitoring system and the 

results of three field trials, including one at the Canadian Forces Base Borden in Ontario 

(Canada), are presented by Einarson and Cherry [2002]. 

The MADE-5 tracer experiment was conducted under dipole flow forced-gradient 

conditions. The experiment was performed during the summer of 2007 and can be divided into 

three successive phases. Initially clean water was injected for 48 hours at a rate of 5.68 L/min. 

After a relative steady-state flow field was established, a known volume of 2078 liters of 

bromide solution was introduced into the aquifer as a step input for 366 minutes. The 

concentration of the injected bromide solution was about 1000 mg/L. Clean water was injected 

again during the third and last phase until the experiment was concluded after 32 days from the 

injection of the bromide solution. During all phases ground water was continuously extracted 
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from the extraction well and the extraction and injection rates (5.68 L/min) were kept constant 

and equal. The extracted ground water was reinjected into the aquifer using another well located 

more than 100 m away in order to prevent any interference with the established flow field.  

Pumping rates, the total amount of injected and extracted water, and ground water levels in the 

injection and extraction wells were also continuously monitored by flowmeters, totalizers and 

submersible pressure transducers. Analysis of the transducers data showed that the average water 

table depth decreased 8.1 cm over time due to the absence of precipitation during the execution 

of the test. Since this value represents less than 1% of the saturated thickness of the aquifer, we 

assumed that the experiment was conducted under steady-state conditions. Groundwater samples 

were collected from the extraction well and from the two MLSs at different depths by using a 

peristaltic pump. Due to the very low extraction rate (20 mL/min) it is safe to assume that the 

flow field was not practically perturbed by the sampling procedures. For the first three days after 

the injection, a one hour sampling interval was used for the extraction well and a two hours 

interval was used for the MLSs. Sampling intervals were then progressively increased. Samples 

were analyzed using ion chromatography to measure the bromide concentrations. Ground water 

samples were also collected before injecting the bromide solution. Chemical analyses showed 

that background groundwater concentrations of bromide were below the analytical detection 

limit. 
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Figure 4.2: Design of the MADE-5 experiment: cross sections showing the screened intervals in 

the injection and extraction wells together with the investigated level in the two MLSs (a); 

details of the multilevel monitoring wells (modified from Einarson and Cherry [2002] b); plane 

view showing the spacing between the wells (c). 

4.3 Numerical modeling  

A 3-D finite-difference model was implemented to simulate the field experiment. The 

model domain (the gray rectangle in Figure 4.1) is 123 m long by 98.25 m wide by 8.1 m thick, 



 

117 

and it was discretized into a block-centered finite-difference grid consisting of 27 layers, 164 

rows and 131 columns for a total of 580,068 cells. The grid spacing is constant and equal to 0.75 

m × 0.75 m in the horizontal direction and to 0.3 m in the vertical direction. Steady-state flow 

was simulated using the MODFLOW code [Harbaugh et al., 2000]. Dirichlet-type (specified-

head) boundary conditions along the north and south boundaries, and Neumann-type (zero-

gradient) boundary conditions to the east, west, top and bottom boundaries, were imposed on the 

model domain laterally. Since the ambient hydraulic gradient at the MADE site is small (about 

0.003 on average in Boggs et al., 1992) as compared to the local gradient created by the MADE-

5 test (0.045 between the injection and the extraction wells), the ambient gradient was ignored by 

imposing equal constant heads at the north and south boundaries. The value used corresponds to 

the average of static ground water levels measured at the injection and extraction wells prior to 

the beginning of the experiment. In accordance with the design of the tracer test, two steady-state 

stress periods were simulated to represent the injection of the bromide solution for 366 min and 

the remaining time interval of 32 days for completing the experiment. During both stress periods, 

the injection and extraction wells were simulated using the Multi-Node Well Package [Halford 

and Hanson, 2002] which simulates a multi-layer well with a single well head.  

Two different approaches were used to generate the spatial distribution of K in the model 

domain. With the first, the spatial distribution of K was considered a stochastic process and 

equally probable conditional realizations were generated using Sequential Gaussian Simulation. 

This stochastic approach was also taken by Salomon et al. [2007] who performed a thorough 

geostatistical analysis of the flowmeter data concluding that a multivariate Gaussian random 
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function is adequate to model the spatial distribution of LnK at the MADE site. In the second 

approach, the K field was treated as a deterministic process and it was estimated using ordinary 

kriging. The geostatistical analysis was performed by using the Stanford Geostatistical Modeling 

Software S-GEMS [Remy et al. 2009]. Spatial continuity of the LnK was evaluated by 

calculating the experimental semivariogram using a sub-sample of the data of Rehfeldt et al. 

[1992]. The sub-sample consists of 1636 K values measured in the flowmeter wells located 

within the model domain plus 3 additional locations. As for other geostatistical studies applied at 

the MADE site [Rehfeldt et al., 1992; Salomon et al., 2007; Llopis-Albert and Capilla, 2009], we 

assumed that the depositional structures responsible for the variability of K are horizontal; hence 

the spatial correlation was investigated only in the completely horizontal and vertical directions. 

Directional horizontal and vertical variograms together with the fitted model are shown in Figure 

4.3. The variogram model consists of a linear combination of a spherical and an exponential 

model whose parameters are presented in Table 4.1. The spherical component effectively fits the 

experimental variograms at small lag distances, while the exponential component gives a better 

representation of the spatial continuity at larger lag distances. Directional variogram analysis 

demonstrated that a good fit is obtained when the maximum correlation distance is rotated 150° 

clockwise with respect to the y axis in Figure 4.1. The determined variogram model was used 

both to estimate the kriged K distribution (Figure 4.4a) and for generating 50 conditional 

sequential Gaussian realizations (Figure 4.4b and 4c).  
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Figure 4.4: Directional horizontal (left) and vertical anisotropic (right) variograms and fitted 

model (shown for different directions) for the LnK flowmeter data. Variogram model parameters 

are presented in Table 4.1. 
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Figure 4.4: Hydraulic conductivity distribution along a cross section of the modeled domain. 
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Table 4.1: Geostatistical parameters for the variogram model used to generate the K fields. 

Ranges (m) 
Model 

maximum medium minimum 
Nugget Structure sill Rotation 

angle 

Spherical 76 47.1 4.6 1.75 150° 

Exponential 21 21 5 
0.2 

3.0 150° 
 

 

generated with kriging (a) and with conditional sequential Gaussian simulation (b and c). The 

location of the cross-section is shown in Figure 4.1b. 

Two conceptual models of solute transport were used to simulate the transport behavior 

observed in our small-scale tracer test. We first applied the ADM in the context of a Monte Carlo 

stochastic framework to simulate transport in the flow fields generated with conditional 

sequential Gaussian simulation. Salomon et al. [2007] showed that under limited circumstances it 

is possible for the ADM to reproduce the average transport behavior observed during the 

MADE-2 experiment when small-scale variability of K is modeled at the flowmeter 

measurement vertical support scale (~0.15 m). We tested if this holds also for the flowmeter 

horizontal support scale and, in particular, if it is possible to use the flowmeter measurements to 

generate downscaled flow fields that can be effectively used in combination with the ADM. The 

position of the wells used for our experiment is particularly appropriate for this purpose since 

they are located in a sector of the MADE site close to several flowmeter measurements (Figure 

4.1c). The vertical grid spacing for the model was chosen to take into account the flowmeter 

vertical support scale and the fact that each of the intake ports in the two MLSs is surrounded by 
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0.46 m-long sand packs. Therefore, 0.3 m vertical spacing was considered as a valid compromise 

between the flowmeter support scale and the spatial scale of the concentration measurements. 

The governing equation of the ADM for a conservative solute in a three-dimensional ground 

water flow system can be written as follows [e.g., Zheng and Bennett, 2002]: 
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where C is the solute concentration, θ  is the effective porosity, t is time; xi are the respective 

Cartesian coordinate axes directions, Dij is the hydrodynamic dispersion coefficient tensor 

(including both mechanical dispersion and molecular diffusion); qi are the components of the 

specific discharge or Darcy flux in the coordinate directions, Cs represents the solute 

concentrations in the fluid sink/source, and qs represents fluid sink/source fluxes. Tracer transport 

in each of the Monte Carlo realizations was simulated with MT3DMS [Zheng and Wang, 1999; 

Zheng, 2010]. The advective component in Equation 4.1 was solved with the highly accurate 

mass conservative total-variation-diminishing (TVD) scheme to minimize numerical dispersion, 

artificial oscillation, and mass balance discrepancies.   

A dual-domain single-rate mass transfer model (DDSR) was also implemented. Since the 

effect of unresolved heterogeneities is accounted for by mass transfer between the mobile and the 

immobile domains, the K field reconstructed with ordinary kriging was considered to be an 

adequate approximation of the actual heterogeneity and we let the mass transfer processes 

account for unresolved sub-grid heterogeneity due to the coarse and smoothed parameterization. 

For a conservative solute, the governing equations for the DDSR model are the following [Zheng 
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and Bennett, 2002]: 
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where Cm and θm are the concentration and porosity in the mobile domain, Cim and θim are the 

concentration and porosity in the immobile domain, Dij is the dispersion tensor in the mobile 

domain and ξ is the first-order mass transfer rate coefficient which controls the mass transfer 

processes between the mobile and the immobile domain. The total porosity of the system is given 

by the sum of the mobile and immobile porosities. As for the ADM models, dual domain 

simulations were conducted with the MT3DMS code employing the TVD solution scheme for 

the solution of the advective term.   

4.4 Results and discussion 

4.4.1 Observed transport behavior 

Figure 4.5 presents the breakthrough curves (BTCs) recorded at the extraction wells as 

well as at different depths in the two MLSs. The shape of the BTC at the extraction well is 

strongly asymmetric showing an early-time high peak followed by extensive tailing during the 

recovery stage. Since the extraction well is screened over the entire saturated zone, this BTC is 

representative of the depth-averaged transport behavior as solute flux is vertically integrated over 

the entire well borehole. The peak concentration was measured after 21.4 hours from the  
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Figure 4.5: Breakthrough curves 

measured in the extraction well (a), 

in MLS-1 (b), and MLS-2 (c) at 

different depths. 

beginning of the injection and it is 

equal to 63 mg/L. After 4 days the 

concentration dropped to about 1% 

of that of the injected bromide 

solution (1000 mg/L) and then 

slowly decreased for the remaining 

duration of the experiment. The 

concentration at the end of the 

experiment was equal to 0.23 mg/L. 

The zeroth-order moment of the 

BTC revealed that the mass 

recovered was only 52 % of the total 

injected mass. The early arrival time 

of the peak, the slow decrease of the 

concentrations following the peak as 

shown by the slope of the tail of the 

Level 1

Level 2

Level 3

Level 4

Level 7

Level 6

Level 5

0 4 8 12 16 20 24 28 32
10-3

10-2

10-1

100

101

102

103

Time (days)

C
on

ce
nt

ra
tio

n 
(m

g/
l)

MLS-1

0 4 8 12 16 20 24 28 32
10-3

10-2

10-1

100

101

102

103

Time (days)

C
on

ce
nt

ra
tio

n 
(m

g/
l)

Level 1

Level 2

Level 3

Level 4

Level 7

Level 6

Level 5

MLS-2

0 4 8 12 16 20 24 28 32
10-3

10-2

10-1

100

101

102

103

Time (days)

Extraction well

C
on

ce
nt

ra
tio

n 
(m

g/
l)

7

6

4

3
2

1
5

6

7

6

1

3

2
4

5

a

b

c



 

124 

BTC, and the poor mass recovery, appear to be a reflection of solute transport controlled by 

connected preferential paths contained within low-permeability sediments. The fast peak could 

be caused by rapid advective transport of a fraction of solute mass along preferential flow paths 

while the rest of the mass remained trapped in the low-K matrix where diffusion mechanisms 

were predominant. Solute mass slowly released from the low-K matrix also explains the 

extensive tail and the slow mass recovery. 

The extremely heterogeneous distribution of sediments with very sharp contrasts in 

hydraulic conductivity favoring preferential flow paths is even more evident from the 

observation of the BTCs measured at different depths in the two MLSs.  The differences in terms 

of shape, arrival times of the concentration peaks and their magnitude are remarkable especially 

considering that the vertical distance between each sampling level is only 1.2 m and the distance 

between the injection well and the two MLSs is only 1.5 m and 2.25 m. The BTCs observed in 

MLS-1 clearly showed that a fraction of the injected mass moved preferentially at the depth of 

sampling level 3. This is located at a depth of 7.1 m below ground surface. In fact, the BTC 

measured at this level has the highest peak (169.3 mg/L) with the fastest arrival time. The BTCs 

measured at levels 4 and 5 in MLS-1 have a similar shape as the one at level 3 with extensive 

tailing at later times. However, the concentration peaks are much lower in magnitude. The 

highest concentration at level 4 was measured after 1.71 days from the beginning of the injection 

while the peak time at level 5 was observed after about 3 days. These characteristics indicate that 

transport at these two levels is still influenced by the preferential flow path responsible for the 

high peak observed at level 3. The most likely explanation is that the bromide tracer moving 
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preferentially at the depth of level 3 diffused into the lower K sediments that characterize levels 

4 and 5. Also, the BTCs at level 7 in the both MLS-1 and MLS-2 reveal the complexity of the 

transport pattern. At this level, which corresponds to the bottom of the aquifer, the measured 

concentration in MLS-1 remained very low (less than 0.5 mg/L) until a sharp peak was observed 

after 7.86 days from injection. Interestingly, this peak of 69.4 mg/L was not seen in MLS-2 

where the concentration remained less than 0.3 mg/L for the entire duration of the test. 

Considering the BTCs measured in MLS-2, it is noteworthy that the BTCs measured at 

levels 3 and 4 are very similar indicating an homogenization of the concentration contrasts 

observed in MLS-1, probably due to the effect of mixing. In both levels 3 and 4 the 

concentration peaks were observed after about 3 days from the injection of the bromide solution.  

As expected, the concentrations measured in MLS-2 are lower than those observed at the 

corresponding levels in MLS-1. The only exceptions are the BTCs measured at level 2 which 

showed almost identical concentrations peaks to MLS-1 (about 12 mg/L in both MLSs), even 

though the shape of the two BTCs are very different. Most significantly, the arrival time of the 

peak at this level in MLS-2 is more than two times sooner (6.2 days vs. 14.4 days) than that 

observed in MLS-1, which is closest to the injection well. This can be interpreted as another 

indication of the presence of a network of preferential flow paths controlling the tracer transport 

between the injection and extraction wells. It is also remarkable that none of the concentration 

peaks of the BTCs measured in MLS-2 precedes the peak observed at the extraction well. In 

particular, the arrival times of the fastest peaks in MLS-2, observed at levels 3 and 4, are about 

54 hours slower than that of the peak observed at the extraction well. This observation suggests 
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that the monitoring ports in MLS-2 do not intercept some of PFPs connecting MLS-1 and the 

extraction well. 

4.4.2 Modeling results 

Figure 4.6 shows the concentration data recorded at the extraction well, together with the 

ADM-calculated results based on each of the 50 conditional K realizations. For all simulation 

runs, a single effective porosity of 0.32 was assigned. The same uniform porosity was also used 

in other transport modeling studies at the MADE site [e.g., Feehley et al., 2000; Salomon et al., 

2007; Llopis-Albert and Capilla, 2009] and this value corresponds to the average porosity 

determined from soil cores collected by Boggs et al. [1992]. A sensitivity analysis was also 

performed on one K field realization to measure the effect of change in effective porosity on the 

arrival time of the peak of bromide concentration at the extraction well. Results showed that by 

increasing or decreasing the effective porosity by 10% with respect to the assigned 0.32 value, 

the arrival time becomes 9.5 % (220 minutes) slower or faster indicating a moderate sensitivity 

of the model with respect to this parameter. While some trial-and-error calibration runs were 

attempted to adjust the longitudinal dispersivity based on the match between simulated and 

observed concentrations in the extraction well in a subset of K realizations, none could produce a 

reasonably good match between the observed and simulated concentrations. Thus, for simplicity, 

the ADM simulation results shown in Figure 4.6 are all based on a single longitudinal 

dispersivity value (0.4 m), while the transverse horizontal and vertical dispersivity values were 

assumed to be one order and two orders of magnitude less than the longitudinal dispersivity, 
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respectively, based on earlier studies [Feehley et al., 2000; Julian et al. 2001]. The longitudinal 

dispersivity assigned for the ADM simulations is within the range of the values used by Salomon 

et al. [2007] and Llopis-Albert and Capilla [2009] for simulating solute transport at the MADE 

site (0.1 m and 1 m, respectively). It is also comparable to the value calculated by Harvey and 

Gorelick [2000] from the breakthrough curve observed in a soil column 1 m long of aquifer 

material collected at the MADE site (0.16 m). As in Harvey and Gorelick [2000], a value of 8.0 

× 10-5 m2/day was considered as the molecular diffusion coefficient for bromide in porous media. 

None of the 50 realizations of the hydraulic conductivity field evaluated in this study was 

able to reproduce the observed BTC. In particular, the ADM models produce a large 

underestimation of the high-concentration peak and an equally significant overestimation of the 

late-time concentration tail. Furthermore, a large mismatch is evident between the observed and 

calculated arrival times of the concentration peak. Since the ADM is not able to reproduce the 

depth-averaged transport behavior observed at the extraction well it is obvious that its inaccuracy 

is even greater when we consider the BTCs measured at different depths in the two MLSs. For 

the sake of brevity, the comparison of observed and ADM-calculated concentrations in the two 

MSLs is not shown here.  
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Figure 4.6: BTC observed in the extraction well and predictions using the stochastic ADM 

Our analysis demonstrates that the flowmeter support scale, in both the vertical and 

horizontal directions, is not fine enough to provide the level of detail needed to effectively apply 

the ADM for simulating the complex transport behavior observed during the MADE-5 

experiment. Several previous studies have emphasized the extreme heterogeneity of the MADE 

site aquifer. For example, Harvey and Gorelick [2000] demonstrated that significant layering is 

present at a scale even smaller than the vertical flowmeter support scale as shown by column 

permeameter studies of vertical core samples. However, much of the attention was focused on 

the aquifer variability in the vertical direction. With this study we showed that high variability, at 

a scale smaller than that indicated by flowmeter measurements, also exists in the horizontal 
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direction.  

Figure 4.7 shows the comparison between the observed concentrations and those 

calculated by the dual-domain model at the extraction well. The total porosity of the DDSR 

model was initially set equal to the single porosity used in the advection-dispersion model (0.32). 

The longitudinal dispersivity, the ratio of mobile to total porosities, and the mass transfer rate 

coefficient, were calibrated manually to optimize the match between the simulated and observed 

concentrations in the extraction well. Sensitivity analysis showed that simulation results are more 

sensitive to changes in the porosity ratio and the mass transfer rate coefficient than to variations 

in the dispersivity value. The calibrated longitudinal dispersivity for the DDSR was 0.4 m, which 

was also used in the ADM as described previously.After calibration, the optimal mobile and 

immobile porosities are equal to the 22 % and 78 % of the total porosity (0.32) corresponding to 

a ratio of mobile to total porosities of 1/4.5. The calibrated value for the mass transfer rate 

coefficient was equal to 1.37 × 10-2 day-1. Previous modeling studies at the MADE site [Harvey 

and Gorelick, 2000; Feehley et al., 2000; Julian et al., 2001; Llopis-Albert and Capilla, 2009] 

calculated a ratio of mobile to total porosities in the range between 1/8 and 1/7 and a mass 

transfer rate coefficient in the range between 5.0 × 10-4 day-1 to 2.5 × 10-3 day-1.  
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Figure 4.7: BTC observed in the extraction well and predictions using the DDSR model. 

The higher ratio of mobile to total porosities determined in this study is likely related to 

the location of our experiment which was conducted in a sector of the MADE site characterized 

by high conductivity as shown by the distribution of depth-averaged flowmeter measurements 

presented by several authors [Boggs et al., 1990; Rehfeldt et al., 1992; Bowling et al., 2005]. 

Furthermore, the average of the log-transformed K values observed in three boreholes in close 

proximity to the investigated sector (K-21, K-27 and K-28 in Figure 4.1c) are equal to -5.0, -2.7 

and -4.0 while the mean for the entire site is lower and equal to -5.2 [Rehfeldt et al., 1992]. The 

mass transfer rate coefficient determined for our dual-domain model is more than an order of 

magnitude higher than those used in previous studies. This discrepancy seems to indicate that 
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this parameter is dependent of the transport scale at the MADE site. It can also be explained by 

the relatively short duration of our test compared to the previous large-scale natural gradient 

experiments. The recent work by Guan et al. [2008] in fact demonstrated that the first-order mass 

transfer rate coefficient at the MADE site decreases with the increasing travel distance and 

consequentially the experimental duration.  

Compared to the stochastic ADM model, the deterministic DDSR model yields a 

considerably better match between the observed and calculated concentrations at the extraction 

well (Figure 4.7). This result is not surprising since, as shown by Liu et al. [2007], the dual-

domain mass transfer model is effective when solute transport is controlled by small-scale 

preferential flow paths. The implemented model is very accurate especially in simulating the 

concentrations measured during the first 6 days of the experiment. The magnitude of the 

simulated peak is 63.8 mg/l and the predicted arrival time is equal to 21.1 hours; compared to the 

measured values, the predicted values correspond to a mismatch of less than 1% for the 

magnitude of the peak and of only l.4% (less than 15 minutes) for the peak arrival time. 

However, the DDSR model tends to overestimate the extensive late-time concentration tail even 

if it significantly improves the prediction made with the stochastic ADM.  

 

 

 

 

 



 

132 

Figure 4.8: Comparison between observed 

and predicted concentrations in the MLSs: 

level 4 in MLS-1 (a); level 3 in MLS-2 (b); 

level 2 in MLS-2 (c). 

From the comparison between the 

simulated and measured concentrations at the 

extraction well, it can be concluded that the 

dual-domain mass transfer model is able to 

capture the overall transport behavior 

observed during the MADE-5 experiment. 

However, like the stochastic ADM, the 

performance of the dual-domain mass transfer 

model in predicting the BTCs observed in the 

two MLSs at different depths is generally 

poor. Only for a selected few of the 

investigated levels (MLS-1 and MLS-2) the 

prediction is sufficiently accurate (Figure 

4.8a) while for most of the BTCs the dual-

domain model tends to either underestimate 

the concentration data (Figure 4.8b) or 
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significantly overestimate the concentration peak and its arrival time (Figure 4.8c). These results 

show that an accurate prediction of the point concentration distribution at the local centimeter 

scale is beyond the capability of either model without even more detailed information about 

micro-scale variations in groundwater velocities due to aquifer heterogeneity. With current 

technological and characterization constraints, reaching this level of detail seems to be 

impractical. However, a new generation of cost-effective techniques [e.g., Butler and Dietrich, 

2004; Hyndman and Tronicke, 2005; Dietrich et al., 2008; Butler et al., 2009] are currently under 

development to map detailed K variability and connectivity at spatial resolutions far greater than 

anything possible until very recently. Preliminary testing of some of these new techniques at the 

MADE site have showed promising results [Liu et al., 2009a]. 

4.5 Conclusions 

A new forced-gradient tracer test (MADE-5) was conducted at the MADE site in an 

effort to obtain further field data for more fundamental understanding of transport processes in 

highly heterogeneous media. The strong asymmetric shape of the breakthrough curve measured 

in the extraction well and varied BTCs at different depths in the two MLSs between the 

extraction and injection wells indicate the presence of a complex network of small-scale 

preferential flow pathways that exerts a controlling effect on solute transport processes. The BTC 

measured at the extraction well shows a fast peak arrival and extensive late-time tailing, which 

suggests that a portion of the bromide tracer was able to travel rapidly along preferential flow 

paths while most of the mass moved slowly through and into or out of the relatively low-K 
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matrix. This transport mechanism also explains the limited amount of tracer that was recovered.  

The BTCs measured at different depths in the two MLSs are dramatically different in 

shape, arrival times and magnitude of the concentration peaks. The BTC measured at a sampling 

port located approximately in the middle portion of the saturated zone (level 3) shows a 

significantly higher peak concentration and faster arrival time than any other investigated depth, 

indicating that a portion of the injected mass moved preferentially at this level. A rapid 

concentration peak is recorded at the bottom of the aquifer in the MLS closer to the injection 

well. This peak does not correspond to that in the other MLS which is located only 2.25 m away. 

The arrival time of the peak at the depth corresponding to level 2 is more than two times faster in 

MLS-2, further away from the source, than in MLS-1 that is closer to the injection well.  

The data set collected during the new tracer experiment proved to be valuable for testing 

two numerical approaches by comparing predicted and observed transport behaviors. An ADM 

based on 50 realizations of highly resolved multi-Gaussian conditional K fields was not effective 

in reproducing either the BTCs measured in the two MLSs or the transport behavior observed at 

the extraction well. This result suggests that the existing flowmeter data, in both vertical and 

horizontal directions, do not provide enough resolution to effectively apply the ADM at the scale 

of the MADE-5 experiment. Conversely, a dual-domain single-rate mass transfer model based on 

a less detailed representation of the aquifer heterogeneity matched the early time concentrations 

measured at the extraction well closely. In particular, the concentration peak and its arrival time 

are predicted within an error of less than 1.5%. However, the DDSR model still yields significant 

mismatches when applied to simulate the BTCs observed at different depths in the two MLSs. 
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Thus, while the DDSR model, as an alternative to the classic ADM, successfully reproduced the 

overall transport behavior for the MADE-5 experiment, a highly resolved characterization of the 

aquifer heterogeneity at the sub-decimeter scale would still be needed to fully capture the 3D 

transport details. For this reason, development and testing of new high-resolution and cost-

effective aquifer characterization tools is an important direction for future research.  
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APPENDIX 4.1 

Bromide concentrations measured in the samples collected during the MADE-5 tracer 

experiment. Chemical analysis was performed with the DIONEX ICS-3000 ion 

chromatographer. 

Extraction well 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
EW-01 18 0.00 
EW-05 147 0.00 
EW-10 297 0.00 
EW-15 477 1.31 
EW-20 627 13.43 
EW-25 987 48.72 
EW-28 1167 58.67 
EW-29 1227 57.66 
EW-30 1287 63.20 
EW-31 1347 58.75 
EW-32 1407 57.42 
EW-35 1587 52.73 
EW-40 1887 41.64 
EW-45 2187 33.34 
EW-50 2547 25.43 
EW-55 2847 21.17 
EW-60 3327 17.98 
EW-65 3887 15.89 
EW-70 4347 14.10 
EW-75 4707 13.09 
EW-80 5717 9.49 
EW-85 7152 6.55 
EW-88 8352 5.15 
EW-91 10053 3.59 
EW-92 10397 3.23 
EW-93 11337 2.73 
EW-94 13057 2.09 
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EW-95 14564 1.88 
EW-96 15667 1.60 
EW-97 17447 1.44 
EW-98 18912 1.21 
EW-99 20238 1.37 
EW-100 21940 1.46 
EW-101 23192 1.05 
EW-102 24570 0.92 
EW-103 27150 0.53 
EW-104 30442 0.40 
EW-105 33297 0.50 
EW-106 39057 0.40 
EW-107 45896 0.23 
 

MLS 1 – Channel 1 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS1/1 - 1 52 0.46 
MLS1/1 - 5 532 0.25 
MLS1/1 - 10 1252 0.16 
MLS1/1 - 15 1852 0.12 
MLS1/1 - 20 2457 0.13 
MLS1/1 - 25 3172 0.13 
MLS1/1 - 30 3890 0.22 
MLS1/1 - 35 4480 0.26 
MLS1/1 - 40 5727 0.64 
MLS1/1 - 45 7154 0.86 
MLS1/1 - 50 8942 1.08 
MLS1/1 - 54 11311 1.32 
MLS1/1 - 56 14567 1.00 
MLS1/1 - 58 17449 1.44 
MLS1/1 - 60 20226 1.10 
MLS1/1 - 62 23196 1.15 
MLS1/1 - 64 27123 1.20 
MLS1/1 - 66 33271 1.16 
MLS1/1 - 68 45868 1.09 
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MLS 1 – Channel 2 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS1/2 - 1 57 0.35 
MLS1/2 - 5 538 0.20 
MLS1/2 - 10 1254 0.16 
MLS1/2 - 15 1854 0.08 
MLS1/2 - 20 2460 0.08 
MLS1/2 - 25 3174 0.08 
MLS1/2 - 30 3892 0.05 
MLS1/2 - 35 4482 0.09 
MLS1/2 - 40 5729 0.77 
MLS1/2 - 45 7156 1.77 
MLS1/2 - 50 8943 4.38 
MLS1/2 - 54 11313 7.66 
MLS1/2 - 56 14569 10.62 
MLS1/2 - 58 17451 10.18 
MLS1/2 - 60 20211 12.43 
MLS1/2 - 62 23198 12.23 
MLS1/2 - 64 27125 11.50 
MLS1/2 - 66 33273 10.17 
MLS1/2 - 68 45869 7.81 
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MLS 1 – Channel 3 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS1/3 - 1 63 0.28 
MLS1/3 - 5 542 99.40 
MLS1/3 - 10 1257 169.31 
MLS1/3 - 15 1858 100.76 
MLS1/3 - 20 2464 70.52 
MLS1/3 - 25 3176 48.46 
MLS1/3 - 30 3894 46.28 
MLS1/3 - 35 4484 38.54 
MLS1/3 - 40 5731 22.32 
MLS1/3 - 45 7159 19.11 
MLS1/3 - 50 8945 13.80 
MLS1/3 - 54 11315 16.42 
MLS1/3 - 56 14570 12.47 
MLS1/3 - 58 17453 12.74 
MLS1/3 - 60 20214 11.37 
MLS1/3 - 62 23200 8.75 
MLS1/3 - 64 27127 7.34 
MLS1/3 - 66 33275 6.74 
MLS1/3 - 68 45871 6.01 
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MLS 1 – Channel 4 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS1/4 - 1 69 0.61 
MLS1/4 - 5 545 0.84 
MLS1/4 - 10 1259 7.34 
MLS1/4 - 15 1860 13.86 
MLS1/4 - 20 2467 17.00 
MLS1/4 - 25 3178 13.72 
MLS1/4 - 30 3897 13.13 
MLS1/4 - 35 4486 12.22 
MLS1/4 - 40 5733 6.96 
MLS1/4 - 45 7161 6.85 
MLS1/4 - 50 8947 6.31 
MLS1/4 - 54 11316 4.95 
MLS1/4 - 56 14572 5.07 
MLS1/4 - 58 17455 5.32 
MLS1/4 - 60 20216 5.82 
MLS1/4 - 62 23202 5.10 
MLS1/4 - 64 27128 3.78 
MLS1/4 - 66 33277 2.97 
MLS1/4 - 68 45872 2.22 
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MLS 1 – Channel 5 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS1/5 - 1 74 0.38 
MLS1/5 - 5 551 0.12 
MLS1/5 - 10 1262 0.17 
MLS1/5 - 15 1860 0.31 
MLS1/5 - 20 2469 1.91 
MLS1/5 - 25 3180 11.00 
MLS1/5 - 30 3899 16.82 
MLS1/5 - 35 4489 16.68 
MLS1/5 - 40 5735 16.85 
MLS1/5 - 45 7162 12.57 
MLS1/5 - 50 8949 11.03 
MLS1/5 - 54 11318 8.39 
MLS1/5 - 56 14574 8.96 
MLS1/5 - 58 17457 8.11 
MLS1/5 - 60 20219 7.44 
MLS1/5 - 62 23204 6.26 
MLS1/5 - 64 27130 4.06 
MLS1/5 - 66 33278 3.07 
MLS1/5 - 68 45873 1.40 
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MLS 1 – Channel 6 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS1/6 - 1 78 0.25 
MLS1/6 - 5 556 0.10 
MLS1/6 - 10 1264 0.36 
MLS1/6 - 15 1863 1.92 
MLS1/6 - 20 2471 3.01 
MLS1/6 - 25 3182 3.77 
MLS1/6 - 30 3901 6.61 
MLS1/6 - 35 4490 13.28 
MLS1/6 - 40 5737 20.80 
MLS1/6 - 45 7163 33.14 
MLS1/6 - 50 8951 29.75 
MLS1/6 - 54 11320 19.95 
MLS1/6 - 56 14575 14.87 
MLS1/6 - 58 17460 4.75 
MLS1/6 - 60 20222 0.73 
MLS1/6 - 62 23206 0.82 
MLS1/6 - 64 27132 0.07 
MLS1/6 - 66 33280 0.01 
MLS1/6 - 68 45875 0.03 
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MLS 1 – Channel 7 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS1/7 - 1 84 0.12 
MLS1/7 - 5 559 0.18 
MLS1/7 - 10 1267 0.10 
MLS1/7 - 15 1866 0.07 
MLS1/7 - 20 2474 0.03 
MLS1/7 - 25 3183 0.13 
MLS1/7 - 30 3903 0.07 
MLS1/7 - 35 4492 0.05 
MLS1/7 - 40 5739 0.00 
MLS1/7 - 45 7166 0.01 
MLS1/7 - 50 8952 0.48 
MLS1/7 - 54 11322 69.42 
MLS1/7 - 56 14577 53.05 
MLS1/7 - 58 17462 17.68 
MLS1/7 - 60 20226 1.26 
MLS1/7 - 62 23208 6.49 
MLS1/7 - 64 27134 0.19 
MLS1/7 - 66 33282 0.75 
MLS1/7 - 68 45877 0.16 
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MLS 2 – Channel 1 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS2/1 - 1 91 0.38 
MLS2/1 - 5 565 0.30 
MLS2/1 - 10 1270 0.27 
MLS2/1 - 15 1872 0.26 
MLS2/1 - 20 2475 0.26 
MLS2/1 - 25 3185 0.26 
MLS2/1 - 30 3905 0.27 
MLS2/1 - 35 4494 0.26 
MLS2/1 - 40 5742 0.23 
MLS2/1 - 45 7168 0.21 
MLS2/1 - 50 8955 0.15 
MLS2/1 - 54 11324 0.15 
MLS2/1 - 56 14578 0.40 
MLS2/1 - 58 17459 0.14 
MLS2/1 - 60 20229 0.15 
MLS2/1 - 62 23220 0.20 
MLS2/1 - 64 27137 0.26 
MLS2/1 - 66 33285 0.23 
MLS2/1 - 68 45879 0.65 
 



 

149 

MLS 2 – Channel 2 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS2/2 - 1 97 0.10 
MLS2/2 - 5 572 0.06 
MLS2/2 - 10 1272 0.01 
MLS2/2 - 15 1873 0.02 
MLS2/2 - 20 2477 0.03 
MLS2/2 - 25 3187 0.02 
MLS2/2 - 30 3907 0.03 
MLS2/2 - 35 4497 0.06 
MLS2/2 - 40 5744 0.09 
MLS2/2 - 45 7170 4.89 
MLS2/2 - 50 8957 12.25 
MLS2/2 - 54 11326 10.49 
MLS2/2 - 56 14580 4.82 
MLS2/2 - 58 17461 2.93 
MLS2/2 - 60 20231 1.15 
MLS2/2 - 62 23212 0.67 
MLS2/2 - 64 27139 0.45 
MLS2/2 - 66 33287 0.33 
MLS2/2 - 68 45881 0.33 
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MLS 2 – Channel 3 

MLS2/3 - 1 97 0.01 
MLS2/3 - 5 572 0.01 
MLS2/3 - 10 1272 2.08 
MLS2/3 - 15 1873 5.75 
MLS2/3 - 20 2477 11.53 
MLS2/3 - 25 3187 29.25 
MLS2/3 - 30 3907 51.10 
MLS2/3 - 35 4497 70.98 
MLS2/3 - 40 5744 68.98 
MLS2/3 - 45 7170 63.34 
MLS2/3 - 50 8957 54.23 
MLS2/3 - 54 11326 41.36 
MLS2/3 - 56 14580 26.39 
MLS2/3 - 58 17461 12.91 
MLS2/3 - 60 20231 9.46 
MLS2/3 - 62 23212 8.18 
MLS2/3 - 64 27139 4.52 
MLS2/3 - 66 33287 4.71 
MLS2/3 - 68 45881 2.91 
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MLS 2 – Channel 4 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS2/4 - 1 104 0.40 
MLS2/4 - 5 580 0.18 
MLS2/4 - 10 1278 0.79 
MLS2/4 - 15 1877 11.94 
MLS2/4 - 20 2482 37.10 
MLS2/4 - 25 3191 50.32 
MLS2/4 - 30 3911 61.17 
MLS2/4 - 35 4501 72.84 
MLS2/4 - 40 5747 68.14 
MLS2/4 - 45 7174 66.79 
MLS2/4 - 50 8960 61.34 
MLS2/4 - 54 11330 56.79 
MLS2/4 - 56 14584 47.45 
MLS2/4 - 58 17469 35.97 
MLS2/4 - 60 20236 26.60 
MLS2/4 - 62 23215 26.56 
MLS2/4 - 64 27143 22.80 
MLS2/4 - 66 33289 15.40 
MLS2/4 - 68 45884 6.80 
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MLS 2 – Channel 5 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS2/5 - 1 110 0.37 
MLS2/5 - 5 582 0.43 
MLS2/5 - 10 1282 0.34 
MLS2/5 - 15 1879 0.35 
MLS2/5 - 20 2484 0.33 
MLS2/5 - 25 3193 0.38 
MLS2/5 - 30 3912 0.58 
MLS2/5 - 35 4504 0.24 
MLS2/5 - 40 5749 0.46 
MLS2/5 - 45 7176 0.44 
MLS2/5 - 50 8962 0.38 
MLS2/5 - 54 11332 0.23 
MLS2/5 - 56 14586 0.33 
MLS2/5 - 58 17472 0.26 
MLS2/5 - 60 20240 0.33 
MLS2/5 - 62 23217 1.18 
MLS2/5 - 64 27145 0.51 
MLS2/5 - 66 33293 0.39 
MLS2/5 - 68 45886 0.15 
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MLS 2 – Channel 6 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS2/6 - 1 114 0.04 
MLS2/6 - 5 586 0.07 
MLS2/6 - 10 1284 0.01 
MLS2/6 - 15 1881 0.03 
MLS2/6 - 20 2486 0.05 
MLS2/6 - 25 3195 0.03 
MLS2/6 - 30 3914 0.06 
MLS2/6 - 35 4506 0.04 
MLS2/6 - 40 5752 0.00 
MLS2/6 - 45 7178 0.05 
MLS2/6 - 50 8964 0.00 
MLS2/6 - 54 11334 0.11 
MLS2/6 - 56 14588 0.05 
MLS2/6 - 58 17474 0.07 
MLS2/6 - 60 20242 0.15 
MLS2/6 - 62 23218 0.49 
MLS2/6 - 64 27147 0.63 
MLS2/6 - 66 33295 1.52 
MLS2/6 - 68 45888 2.41 
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MLS 2 – Channel 7 

Sample ID Time after injection (min) Bromide concetration (mg/l) 
MLS2/7 - 1 118 0.00 
MLS2/7 - 5 590 0.04 
MLS2/7 - 10 1287 0.01 
MLS2/7 - 15 1883 0.02 
MLS2/7 - 20 2489 0.04 
MLS2/7 - 25 3197 0.00 
MLS2/7 - 30 3917 0.02 
MLS2/7 - 35 4509 0.21 
MLS2/7 - 40 5757 0.03 
MLS2/7 - 45 7181 0.05 
MLS2/7 - 50 8966 0.03 
MLS2/7 - 54 11336 0.01 
MLS2/7 - 56 14590 0.01 
MLS2/7 - 58 17476 0.07 
MLS2/7 - 60 20247 0.03 
MLS2/7 - 62 23220 0.04 
MLS2/7 - 64 27149 0.03 
MLS2/7 - 66 33297 0.01 
MLS2/7 - 68 45890 0.01 
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CHAPTER 5 

 

CONCLUDING REMARKS 

 

Through transport modeling, geostatistical analysis, field-scale tracer experimentation, 

extensive sample collection and chemical analysis, this study has improved the understanding of 

the characteristics of solute transport in heterogeneous aquifers characterized by significant 

connectivity of high-K sediments. Experimental work conducted during this research project 

provided valuable data to directly confirm the hypothesis postulated in previous studies that the 

aquifer at the MADE site is characterized by significant flow and transport connectivity. In 

particular, the analysis presented in the second paper showed that the distribution of preferential 

flow paths and advective transport behavior in a small block of the MADE site aquifer are 

influenced by the occurrence of clusters of high-K sediments. Since these clusters do not 

percolate through the studied volume, a significant finding is that high flow and transport 

connectivity does not necessarily require connected lithologic structures. The presence of a 

complex network of preferential flow paths is also shown by the results of the new, small-scale, 

forced gradient tracer described in the third paper.  

Comparisons between different approaches of solute transport modeling and of 

representing subsurface heterogeneity provided useful information for the selection of the most 

appropriate model for simulating contaminant transport in aquifers characterized by connected 

high-K sediments. The modeling analyses described in the first and third papers confirmed the 
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importance of applying non-Fickian transport approaches for the simulation of solute transport in 

systems controlled by preferential flowpaths.  Based on the results of this research it seems that, 

to date, the dual-domain model is the best choice for real-world applications due to its 

applicability to different levels of complexity, from 1-D homogenous isotropic problems up to 3-

D heterogeneous anisotropic problems. The CTRW approach is a very promising alternative to 

the ADM, but new research is needed to fully understand the physical significance of its input 

parameters. Moreover, this approach has yet to be applied for simulating 3-D concentration 

distributions observed in real aquifers. Another important consideration emerges from the 

comparison between concentrations observed during the MADE-5 experiment and the simulated 

values. Results show that, even though it is possible to reproduce the overall transport behavior 

in highly heterogeneous aquifers, it is still extremely difficult to accurately predict detailed 3D 

concentration distribution at the local centimeter scale. New research will be needed to develop 

cost-effective field characterization methods to obtain highly resolved hydraulic conductivity 

data required for transport prediction at fine local scales.  

 


