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a b s t r a c t
It is widely recognized that groundwater ﬂow and solute transport in natural media are largely
controlled by heterogeneities. In the last three decades, many studies have examined the effects
of heterogeneous hydraulic conductivity ﬁelds on ﬂow and transport processes, but there has
been much less attention to the inﬂuence of heterogeneous porosity ﬁelds. In this study, we
use porosity and particle size measurements from boreholes at the Boise Hydrogeophysical
Research Site (BHRS) to evaluate the importance of characterizing the spatial structure of
porosity and grain size data for solute transport modeling. Then we develop synthetic hydraulic
conductivity ﬁelds based on relatively simple measurements of porosity from borehole logs and
grain size distributions from core samples to examine and compare the characteristics of tracer
transport through these ﬁelds with and without inclusion of porosity heterogeneity.
In particular, we develop horizontal 2D realizations based on data from one of the less
heterogeneous units at the BHRS to examine effects where spatial variations in hydraulic
parameters are not large. The results indicate that the distributions of porosity and the derived
hydraulic conductivity in the study unit resemble fractal normal and lognormal ﬁelds
respectively. We numerically simulate solute transport in stochastic ﬁelds and ﬁnd that spatial
variations in porosity have signiﬁcant effects on the spread of an injected tracer plume
including a signiﬁcant delay in simulated tracer concentration histories.
Published by Elsevier B.V.

1. Introduction
It is well known that heterogeneity in natural porous formations controls groundwater ﬂow and solute transport. Wellcontrolled ﬁeld-scale tracer tests and transport experiments
indicate that knowledge of heterogeneity is generally required
to predict solute transport (e.g., Mackay et al.,1986; Guven et al.,
1992; Mas-Pla et al., 1992; Kapoor and Gelhar, 1994; Phanikumar et al., 2005; Salamon et al., 2007). In the last three decades,
many theoretical and experimental studies have been conducted to characterize the heterogeneous distributions of
⁎ Corresponding author. Tel.: +1 850 644 3743.
E-mail address: hu@gly.fsu.edu (B.X. Hu).
0169-7722/$ – see front matter. Published by Elsevier B.V.
doi:10.1016/j.jconhyd.2009.06.001

hydraulic and chemical parameter distributions in natural formations and to investigate the effects of heterogeneities on ﬂow
and transport processes (e.g., Dagan, 1989; Gelhar, 1993; Cushman, 1997; Hyndman et al., 2000; Zhang, 2002; Rubin, 2003;
Meerschaert et al., 2006). However, the complexity of most
natural formations coupled with limited available data has posed
challenges for accurate modeling of ﬂow and transport in
heterogeneous systems. Natural formations often exhibit multiscale or hierarchical heterogeneities (e.g., Gelhar et al., 1992;
Barrash and Clemo, 2002; Molz et al., 2004; Neuman et al., 2008);
the appropriate way to characterize the spatial distributions of
parameters in such formations and evaluate the signiﬁcance of
heterogeneities at various scales on ﬂow and transport are
unresolved issues.
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A common assumption is that the physical heterogeneity
of aquifers needed to explain groundwater ﬂow and transport
is manifested entirely in the hydraulic conductivity ﬁeld, and
that variations in porosity have negligible effects except as
a contributor to hydraulic conductivity heterogeneities. Hydraulic conductivity commonly varies by three to four orders
of magnitude within short distances, while porosity generally
ranges between 0.1 and 0.55 in unconsolidated granular aquifers (e.g., Freeze and Cherry, 1979; Atkins and McBride, 1992).
In aquifers with distinct facies or zones, porosity is generally assumed to be constant while hydraulic conductivity is
treated, from simple to complex, as (1) a constant in each
zone; (2) a stationary variable within each zone; or occasionally (3) a spatial random variable with fractal structure in
the whole study domain.
Although the correlation between hydraulic conductivity
and porosity has been studied for several decades (e.g., Fraser,
1935; Archie, 1950), most efforts have used this correlation
to predict conductivity values from porosity measurements
in cemented rock environments (Nelson, 1994; Lahm et al.,
1995). In unconsolidated aquifers, hydraulic conductivity is
generally assumed to be positively correlated with porosity,
but to achieve reasonable correlations it is important to incorporate information about the grain size distribution as
proxies for the pore size distribution (e.g., see discussion of
Kozeny–Carman theory in Panda and Lake, 1994; Charbeneau,
2000) and perhaps the facies (e.g., Pryor, 1973). That is,
porosity is simply the fractional pore volume in the formation,
while hydraulic conductivity depends more on pore sizes and
their connectivity.
Unfortunately, the correlation between hydraulic conductivity and porosity is partial and nonlinear. There have been
few studies of the effect of the spatial variability of porosity on
ﬂow and transport. Based on a synthetic case and an assumed
spatial correlation between the two parameters, Hassan et al.
(1998) and Hassan (2001) concluded that porosity variations
will signiﬁcantly inﬂuence solute transport. Based on ﬁeld
experimentation at the Lauswiesen site, Riva et al. (2006)
estimated hydraulic conductivity values based on particle size
and hydraulic test data. They then studied the inﬂuence of
these conductivity heterogeneities on solute transport, however, the effective porosity was assumed to be a constant.
Later, they extended their study by considering both hydraulic
conductivity and porosity to be random variables, but the log
conductivity was linearly correlated with log porosity, and the
particle size contribution to conductivity was not considered
(Riva et al., 2008).
In this study, we examine the effects of spatial variations of
porosity on both the likely hydraulic conductivity distribution
and conservative solute transport. We investigate transport
behavior for synthetic aquifers based on porosity and grain size
data from the unconsolidated sedimentary aquifer at the Boise
Hydrogeophysical Research Site (BHRS). 2D synthetic hydraulic
conductivity and porosity ﬁelds are generated based on information from one of the hydrostratigraphic units at the site,
Unit 3, which has relatively mild heterogeneity (Barrash and
Clemo, 2002; Barrash and Reboulet, 2004). In this way, we can
evaluate the signiﬁcance of including porosity in the analysis of
conservative solute transport for such a mildly heterogeneous
aquifer case where effects may be easier to assess than in highly
heterogeneous systems.

We use data from the BHRS ﬁeld site to investigate
methods to geostatistically characterize the porosity distributions with limited data in a hydrostratigraphic unit, and how
porosity and particle size data can be used to develop plausible hydraulic conductivity ﬁelds. We then examine how porosity variations affect solute transport and use Monte Carlo
methods to investigate the combined effects of porosity and
conductivity heterogeneities on transport.
2. Field site
The Boise Hydrogeophysical Research Site (BHRS) is located
on a gravel bar adjacent to the Boise River near Boise, Idaho
(Fig. 1) and was established to develop and test minimallyinvasive methods to quantitatively characterize subsurface heterogeneities (Barrash et al.,1999; Clement et al.,1999). Eighteen
wells at the site were cored through 18–21 m of unconsolidated,
coarse (cobble and sand) ﬂuvial deposits and were completed
into the underlying clay. All wells are constructed with 10-cmID PVC and are fully screened through the unconﬁned ﬂuvial
aquifer. Of the 18 wells, 13 are concentrated in the 20-mdiameter central area of the BHRS, and the remaining ﬁve (Xwells) are “boundary” wells (Fig. 1).
In the central area of the site (Fig. 2), the unconﬁned aquifer
is composed of a sequence of cobble-dominated sediment
packages (Units 1–4) overlain by a channel sand (Unit 5) that
thickens toward the Boise River and pinches out in the center of
the well ﬁeld (Barrash and Clemo, 2002; Barrash and Reboulet,
2004). The aquifer is underlain by a red clay layer across the site.
Units 1 and 3 have relatively low porosities (means of 0.18 and
0.17, respectively) with low variance (0.00050 and 0.00059, respectively), while Units 2 and 4 have higher porosities (means of
0.24 and 0.23, respectively) and higher variance (0.00142 and
0.00251, respectively). In particular, Unit 4 includes lenses that
are smaller-scale subunits (i.e., bodies with distinct parameter
populations).
Porosity logs have been used to evaluate both the stratigraphy and representative geostatistical structure of aquifer
materials at the site (Barrash and Clemo, 2002; Barrash and
Reboulet, 2004). These logs were constructed using neutron
log measurements taken at 0.06 m intervals below the water
table in all wells at the BHRS. The estimated region of inﬂuence of the logging tool is a somewhat spherical volume
with radius of approximately 0.2 m (Keys, 1990). The neutron
logs are repeatable: four runs in well C5 had pair-wise correlation coefﬁcients ranging from 0.935 to 0.966 (Barrash and
Clemo, 2002). Conversion of neutron counts to porosity values in water-ﬁlled boreholes is well established (Hearst and
Nelson, 1985; Rider, 1996) with a petrophysical transform
using high and low end-member counts associated with low
and high porosity values, respectively. End-member estimates
can be made from values for similar deposits such as high
porosity clean ﬂuvial sands (~0.50 — e.g., see Pettyjohn et al.,
1973; Atkins and McBride, 1992) and low porosity conglomerate with cobble framework and sandy matrix (~ 0.12 — e.g.,
see Jussel et al., 1994; Heinz et al., 2003). Working from wellconstrained end-member porosity values, we estimate the
uncertainty at the high end of the scale (in sand) to be ±5%
and at the low end to be ±10% of the measured porosity
percentages. Considering the nature of the transform and
recognizing the high degree of repeatability of the logs, we
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Fig. 1. Air photo of the BRHS with a map of the wells near the Boise River.

Fig. 2. Cross-sections of porosity logs showing hydrostratigraphy at the BHRS (see Fig. 1 after Barrash and Clemo, 2002).
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can expect that rank consistency of relative porosity values is
maintained to the measurement noise level.
Hydraulic conductivity values were estimated for the
BHRS using porosity data from logs and grain size distribution
data from core samples ranging in length from 0.075 to 0.3 m
(Reboulet and Barrash, 2003; Barrash and Reboulet, 2004)
and a modiﬁed form of the Kozeny–Carman equation (Clarke,
1979; Heinz et al., 2003; Hughes, 2005). The modiﬁed equation is based on the understanding that, for the cobbledominated portions of the aquifer at the BHRS (i.e., Units 1
and 3, and most of Units 2 and 4), groundwater ﬂow occurs through the pores of a sand-to-ﬁne gravel (0.0625–
9.525 mm) “matrix” that exists within the interstices of
“framework” cobbles. For this system of pores (n = total porosity), framework cobble fraction (Vc), and matrix fraction
(Vm), where n + Vc + Vm = 1.0, the framework cobbles can be
considered a fraction of the ﬂow cross-section (equal to the
fraction of sample volume) that is blocking ﬂow. The sample
porosity (linear average of porosity log measurements across
a given core sample) is adjusted to be assigned totally to the
matrix. The adjusted porosity ϕ = n / n + Vm is used in the
Kozeny–Carman equation to calculate a conductivity value for
the matrix portion of the aquifer. The resulting matrix
conductivity value is then multiplied by (n + Vm) to recover
a conductivity estimate for the whole sample. Additional details are provided in the following section.
3. Statistical study of formation heterogeneity
The BHRS is a site with multi-scale heterogeneity across a
spatial distribution of units, each of which exhibits spatial
variability in hydraulic parameters (Barrash and Clemo, 2002;
Barrash and Reboulet, 2004; Bradford et al., 2009). As shown
in Fig. 2, ﬁve units are sub-horizontally distributed with
boundaries or contacts that pinch and swell, as is common in
braided stream deposits. Porosity logs were used to estimate
porosity in 3551 locations across the site, and two statistical
measures of the grain size distribution (i.e., matrix d10 and
matrix fraction of the total grain size distribution) from about
one thousand core samples from the aquifer were assigned to
the ﬁve units at the BHRS. In this study we statistically characterize the porosity (n), grain size distribution (GSD), and
correlations within and between these data sets. We then
construct a detailed model of hydraulic conductivity (K) that
is faithful to simulations of n, and GSD. This allows us to study
ﬂow and transport through the synthetic K ﬁelds, and explore
the relative impact of n and GSD on solute transport.
Since the aquifer can be segregated into zones or units on
the basis of large scale heterogeneities, this study focuses on
statistical characterization of aquifer properties in individual
units. We use Unit 3, a relatively homogeneous unit, as a conservative example since local scale heterogeneities are expected to have signiﬁcantly more impact in other units at the
site.
The modiﬁed Kozeny–Carman formula used to estimate
hydraulic conductivity of the matrix, Km, and the aquifer hydraulic conductivity, K, from porosity, n, and a characteristic
grain size statistic d10 (the 10th percentile of grain sizes), is:
Km =

ρg
/3 d210
·
μ
180ð1− /Þ2

and K = Km ðn + Vm Þ

ð1Þ

where / = n + Mnð1 − nÞ is an effective porosity variable adjusted to represent the porosity for the matrix alone (i.e.,
excluding the fraction of framework cobble grains that effectively do not participate in the ﬂow), ρ is ﬂuid density, g is
the gravitational acceleration, µ is the ﬂuid viscosity and M is
the matrix volume fraction of the grain size distribution deﬁned as the percentage of grain sizes, by weight, below approximately 10 mm (Smith, 1986; Jussel et al., 1994; Barrash
and Reboulet, 2004). In the application of Eq. (1), d10 and f are
based on measurements, and the other parameters are physical constants. To connect formula (1) with the discussion in
the previous section, note that the matrix fraction M = Vm /
(Vm +Vc) = Vm / (1 − n) thus M(1 − n) = Vm. Recall that the
matrix conductivity Km is multiplied by (n + Vm) to recover a
conductivity estimate for the whole sample.
By taking base ten logarithms on both sides of Eq. (1), log K
can be expressed as a sum of log d10 and an additional term that
depends on n and M (which are measured) through the variable
ϕ. To simplify, we suppose that log K is a simple linear function
of n, M, and log d10, plus some additional random error. Based
on the Unit 3 borehole data, we develop a regression model:
log K = − 1:14 − 0:0228M + 8:28n + 2:02log d10 :

ð2Þ

The regression parameters are speciﬁc to this unit and site,
and should not be taken as a universal model. Our motivation
for considering a regression model is to understand the relative
contribution of the three variables n, M, and log d10 to the resulting K ﬁeld. This allows us to generate multiple realizations of
stochastic porosity and hydraulic conductivity ﬁelds. Variations
in n, M, and log d10 explain 98.9% of the variations in log K for
this regression model (i.e. the R-squared value is 98.9%). All
regression coefﬁcients are statistically signiﬁcant with a P-value
of b0.0005, indicating that all three variables contribute signiﬁcant new information about log K. This is conﬁrmed with
a sequential sum of squares analysis that indicates all three
variables signiﬁcantly inform the model, with the porosity being
the most signiﬁcant. The cross-correlations of the three input
variables were also examined. There is a 0.270 correlation between M and d10 which is statistically signiﬁcant with P b
0.0005, but there are no signiﬁcant correlations between
porosity (n) and the grain size variables log d10 and M. Correlations between the input variables can obfuscate the relative
contributions of the input parameters (as measured in the sequential sum of squares) as well as the meaning of the regression coefﬁcients. Since porosity is uncorrelated with the
grain size distribution variables in this case, the meaning of the
regression coefﬁcient for n is unambiguous. In summary, Eq. (2)
can be used to simulate the log K ﬁeld, once we simulate the
three input variables using the appropriate probability distributions and correlation structure. Next, we examine each input
variable by statistically characterizing the data from Unit 3.
4. Hydraulic conductivity simulation
We investigated the statistical properties of the three input variables in the regression model (Eq. (2)), and then
developed a procedure for generating K ﬁelds that are statistically consistent with the Unit 3 borehole data. We began
with the statistics of the grain size distribution. The variable
M is the percentage of a core sample, by weight, that passes
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through a 9.525 mm sieve. Hence the units are percent. The
model for M is quite simple. Fig. 3 (right panel) shows that
the data from Unit 3 are reasonably well described by a normal random variable with mean of 39% and standard deviation of 7.3%. A normal probability plot of M (not shown) also
indicates a good ﬁt, and the Anderson–Darling test for normality yields an associated P-value of 0.369, which provides
additional justiﬁcation for assuming a normal distribution. A
spatial autocorrelation plot for M in Unit 3 (not shown) indicates that these values from the borehole are uncorrelated in
the vertical direction.
The variable d10 represents the 10th percentile of the matrix grain size distribution in mm, estimated by curve ﬁtting
through the sieve data. Base ten logarithms were used to
compute the input variable log d10 for the K ﬁeld simulation.
The spatial autocorrelation function (not shown) indicates that
the log d10 data exhibit some spatial correlation. Fig. 3 (left
panel) shows that log d10 can be adequately modeled by a
normal distribution (one outlier at −0.30 was included in the
pdf ﬁtting procedure but is not shown on the histogram to avoid
distorting the graph). Some additional comments on the normal ﬁt appear at the end of this section. Hence our model for
log d10 is a correlated Gaussian random ﬁeld with the same
mean (m = −0.7376) and standard deviation (s = 0.07) as the
Unit 3 data. Fig. 4 (left panel) shows an example of a simulated
log d10 random ﬁeld for this unit. A standardized ﬁeld Z (Gaussian
with mean zero and standard deviation one) was rescaled using
log d10 =m+sZ. To enforce the ρ=0.23 correlation between M
and log d10 and to maintain the proper distribution of M, we then
set M=7.3+0.39(ρZ+W)/(1+ρ2) where W is another independent Gaussian random ﬁeld with the same correlation structure as Z. The resulting simulated M ﬁeld (Fig. 4, right panel) is
similar in appearance to the log d10 random ﬁeld shown in Fig. 4,
left panel. Note that the correlation lengths of M and log d10 are
assumed to be the same, since both relate to the same grain size
distribution.
As noted above, the porosity log data were measured at
0.06 m intervals and then averaged over the length of a given
core sample to get the n data for a core sample interval. Fig. 5
(left panel) shows that the porosity data are skewed. Taking
natural logarithms of the porosity data (Fig. 5, right panel)
results in a distribution with a normal probability density
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function (mean − 1.744, standard deviation 0.1221, P =
0.474), equivalent to ﬁtting a lognormal distribution to the
original data. The statistical hypothesis for the Anderson–
Darling test states that the data ﬁt a normal distribution. The
large P-value indicates insufﬁcient evidence to reject that
hypothesis, showing that the normal ﬁt is reasonable.
Next we examine spatial correlations in the porosity data.
Since the porosity logs were taken at a ﬁner resolution than
the length of core samples, we use the log data to evaluate the
correlation structure. Fig. 6 (left panel) shows the vertical spatial autocorrelation function for the ln n data for Unit 3. The
autocorrelation function indicates the signature of long range
dependence (LRD), with correlation falling off slowly. Hence,
we consider a model where serial correlation falls off like a
power law function of spatial separation, sometimes called a
fractal correlation model.
A standard way to check for LRD is to examine the power
spectrum for power law growth near the origin. For LRD the
power spectrum varies like frequency to the power −2d near
zero, where d is the order of fractional integration. The Hurst
index of self-similarity is related to the order of fractional
integration by H =d + 1 / 2, see for example Benson et al.
(2006). We checked for a power law spectrum by plotting
natural logarithms of the periodogram versus Fourier frequency, and performed a linear regression (not shown), which
yielded an estimate of d = 0.45. Next we subtracted the mean
(1.768) and fractionally differenced the data. Standard statistical tests indicate that the residuals (fractionally differenced,
mean centered, natural logarithms of Unit 3 porosity log data)
resemble a sequence of uncorrelated Gaussian random variables, validating the fractional model. Fig. 6 (right panel) also
indicates that fractional differencing removed the serial
correlation.
From the above analyses, we conclude that the natural
logarithms of the Unit 3 porosity measurements in a vertical
borehole are well described by fractional Brownian motion with
Hurst parameter H =d + 1 / 2 = 0.95. This can be simulated
using a standard spectral method with a power law ﬁlter, see
Benson et al. (2006) for more details and examples. Once a
standardized (mean zero and standard deviation one) Gaussian
ﬁeld is simulated, we multiply by 0.1221 and subtract 1.744 to
match the ln n borehole data, and we then apply the exp

Fig. 3. Histogram and normal pdf for log d10 (left) and matrix fraction M (right) in Unit 3.
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Fig. 4. Simulated ﬁelds of the grain size statistics log d10 (left) and matrix fraction M (right).
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Fig. 5. Histograms of Unit 3 borehole porosity n (left) and ln n with normal distribution curve superimposed (right).

function (inverse of the natural logarithm function) to get the
simulated porosity ﬁeld. Fig. 7 shows a typical fractal porosity
ﬁeld generated using this approach. The fractal ﬁeld does not
have a characteristic length (correlation length), and observable features (e.g., regions of high or low porosity) tend to be
reproduced at every scale. Fractal models, and related nonlocal
models, have signiﬁcant implications for transport (Wheatcraft
and Tyler, 1998; Benson et al., 2000; Cushman and Ginn, 2000;
Neuman and Tartakovsky, 2008), but a full discussion is beyond
the scope of this paper.
In summary, based on Eq. (2), we can simulate a representative K ﬁeld as follows: We generate log d10 as an exponentially
correlated Gaussian random ﬁeld with the same mean m=
−0.7376 and standard deviation s=0.07 as the borehole data.
Next, we generate M as a linear combination of the log d10 ﬁeld
and another independent Gaussian ﬁeld, to preserve the
correlation between these two grain size distribution descriptors, and adjust to the mean (39%) and standard deviation (7.3%)
of the borehole data. Fractional Brownian motion provides a
reasonable model for the natural logarithms of the porosity log
data. Essentially, we generate uncorrelated standard normal
random ﬁelds and fractionally integrate them with order
d =0.45 (a speciﬁc linear ﬁlter) to get the appropriate correlation structure, adjust to mean −1.744 and standard deviation

0.1221 to match the log-transformed borehole data, and then
apply the exp function to get the simulated porosity logs.
Finally, we substitute the three input variables at each spatial
coordinate into the linear regression Eq. (2) to get the log K ﬁeld.
In preparation for the plume simulations discussed below, we
generated two-dimensional log K ﬁelds oriented in the ﬂow direction and the transverse direction (x–y plane). Lacking any explicit information on the spatial correlation structure in the x–y
plane, we assume a reasonable 10 m correlation length for the log
d10 and M ﬁelds based on relative magnitudes for vertical and
horizontal correlation lengths in similar natural aquifers (e.g.
Table 1 in Jussel et al., 1994; Anderson, 1997). We account for the
stronger correlation pattern expected in the x–y plane by using a
fractional Brownian ﬁeld for log porosity (a nonstationary random ﬁeld whose increments form a fractional Gaussian noise).
Fig. 7 shows a typical porosity ﬁeld generated this way. Fig. 8a and
b shows the log K ﬁelds that result from combining the log d10
and M ﬁelds from Fig. 4 with a constant porosity and the stochastic porosity ﬁeld in Fig. 7, respectively, via the regression
Eq. (2). From Fig. 8a and b, one can see the inﬂuence of the heterogeneous porosity ﬁeld on the generated hydraulic conductivity ﬁeld. In general, the log K ﬁeld inherits much of its structure
from the porosity ﬁeld, since porosity exhibits spatial LRD. One
interpretation is that the porosity ﬁeld codes the large scale

Fig. 6. Spatial autocorrelation function for ln n (left) showing long range dependence. Residuals after fractional differencing (right) showing that the dependence
has been removed. One lag equals 0.06 m, the spatial separation of the porosity log data.
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Fig. 7. Simulated fractal porosity ﬁeld.

structure of the aquifer, while the grain size distribution codes the
small scale roughness. In this unit of the BHRS, porosity appears to
be the most important parameter to characterize for accurate
estimation of hydraulic conductivity. We recognize that the K
data used in this study were computed from the Kozeny–Carman
formula (1) and, therefore, the correlation between K and the

three input variables (n, log d10 and M) in the model (2) may be
different in practice. Further research to develop high spatial
resolution co-located measurements of K, porosity, and the grain
size distribution is in progress to clarify this issue. We also note
that the log d10 distribution shows a deviation from normal
(Pb 0.05) that could impart a heavier tail to the largest K values.

Fig. 8. (a) Simulated fractal log K ﬁeld (log m/day) combining Fig. 4 and constant porosity ﬁeld via model Eq. (2) used in case B. (b) Simulated fractal log K ﬁeld
(log m/day) combining Figs. 4 and 7 via model Eq. (2) used in case C.
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5. Effects of hydraulic conductivity and porosity heterogeneity on ﬂow and transport
Based on the generated porosity and conductivity ﬁelds, we
investigate the effects of heterogeneous porosity ﬁelds on
solute transport. A synthetic two-dimensional domain of
dimensions 60 m (in x-direction) by 30 m (in y-direction) is
used. We assume a no-ﬂow boundary condition for the lateral
(top and bottom) boundaries and constant heads at the inﬂow
and outﬂow (left and right side) boundaries, with a mean
gradient of 0.001, similar to the natural gradient at the BHRS
(Barrash et al., 2002). The solute source is instantly released
close to the left side boundary with an initial concentration of
100 mg/L. MODFLOW (Harbaugh, 2005) is used to simulate
groundwater ﬂow through a uniform grid with 0.2 m × 0.2 m
cells, and a numerical particle tracking method from MT3DMS
(Zheng and Wang, 1999) is used to simulate solute transport.
Longitudinal and transverse dispersivity values are assumed
to be 0.1 m and 0.01 m, respectively, based on modeling of
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conservative transport behavior at the BHRS (Leven et al., 2002;
Nelson, 2007).
To investigate the effect of porosity heterogeneity on solute
transport, three cases with different spatial distributions of
porosity and conductivity are considered. In case A, conductivity and porosity are both held constant with the mean values of
the random ﬁelds. In case B, the porosity is still constant, but
conductivity is variable due to the variations in logd10 and M.
In case C, porosity is assumed to be a random variable, so the
variability of conductivity is due to variations in all three of
its components. To develop statistics related to the transport
behavior for the three cases, we run numerical transport experiments through 100 equally-likely realizations of the n and
K ﬁelds based on the geostatistical study of the spatial parameters discussed earlier.
One realization of the concentration distributions at time
450 days and breakthrough curves through the right boundary
are shown in Fig. 9 for the three cases. The plume distribution in
Fig. 9a has a typical plume shape for a homogeneous medium

Fig. 9. Concentration distributions at T = 450 day s and solute breakthrough curves through the right boundary for the three cases based on the porosity and
conductivity ﬁelds in Figs. 7 and 8: (a) constant hydraulic conductivity and porosity, (b) stochastic conductivity and constant porosity, (c) stochastic conductivity
and porosity.
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with high concentrations near the plume center and gradual
decrease toward the inﬂow and outﬂow boundaries, and the
breakthrough curve has a typical Gaussian-type distribution.
The plume in Fig. 9b is irregular and clearly stretched by velocity
variations. The breakthrough curve shows a nonsymmetric
distribution, with a wider range and lower peak relative to case
A. For the case with variable conductivity and porosity (Fig. 9c),
the plume is very irregular and strongly stretched. Two highconcentration centers appear due to preferential ﬂow patterns,
which is clearly one mechanism for multiple-peaked tracer
concentration histories at monitoring wells. The breakthrough is
thus very irregular, with two peaks and a strongly negativeskewed distribution. Porosity variability in this example clearly
increases the plume spreading, makes the curve more negatively skewed, and causes two peaks in the breakthrough curve.
For each of the 100 realizations of conductivity or/and
porosity ﬁelds, we calculate the solute breakthrough curve

through the right boundary of the study domain for the three
cases described above. Based on the results of 100 realizations
for each case, we calculate the mean breakthrough curve, and
the standard deviation from the mean. The mean breakthrough
curves over the 100 realizations for the three cases are shown in
Fig. 10a. The breakthrough curve for constant K and porosity
(case A) has a normal distribution with a narrow spread. Adding
spatial variability of hydraulic conductivity (case B) distorts the
mean breakthrough curve such that it no longer has a normal
distribution. In comparison with the homogeneous case, the
breakthrough curve has been signiﬁcantly extended and the
peak concentration signiﬁcantly decreased. The mean breakthrough curve is negatively skewed, which is similar to the
single realization result shown in Fig. 9b. For case C with spatially variable conductivity and porosity, the mean arrival time
is signiﬁcantly stretched, the mean movement is signiﬁcantly
delayed, and the peak concentration is signiﬁcantly decreased.

Fig. 10. Mean and standard deviation of breakthrough curves for the three cases. a. Mean breakthrough curves. b. Averaged standard deviations of breakthrough
curves.
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Fig. 11. Spatial second longitudinal moments for cases B and C.

In comparison with the single realization result shown in Fig. 9c,
only one peak exists as the second is removed through the
averaging calculation over the 100 realizations.
The standard deviations from the mean breakthrough curves
for cases B and C are shown in Fig. 10b. The shapes and characteristics of the standard deviation curves for cases B and C are
similar to the mean curves. However, for case C, the two-peaked
distributions are more obvious in the standard deviation curve.
To track and compare the spreading of the solute plumes,
we calculate the second spatial moments for cases B and C, as
shown in Fig. 11. Adding heterogeneity to the porosity ﬁeld
signiﬁcantly increases the second longitudinal moment,
which is consistent with the breakthrough curve results.
6. Summary and conclusions
In this study, based on the porosity measurements and
particle size analysis of borehole samples from the Boise
Hydrogeophysical Research Site (BHRS), we evaluate the
heterogeneous porosity and grain size characteristics of the
geological formation. Porosity data collected from the wells
are used to study the geostatistical structure in Unit 3. This
relatively homogeneous unit was chosen as the basis for
generating our aquifer realizations with the idea that this
would be a good threshold test of the signiﬁcance of including
the spatial variability of porosity in solute transport models.
We estimated the spatial distribution of hydraulic conductivity using a regression-based relationship linked to geostatistical analysis of porosity and particle size data obtained
from borehole measurements from the BHRS. By examining a
histogram and probability plot of porosity and particle size
data for Unit 3, along with autocorrelation functions for porosity and particle size distributions, we built a statistical
model for the two quantities. We also investigated the correlation among porosity, the tenth percentile of the particle
size distribution, matrix fraction, and hydraulic conductivity.
Based on the stochastic hydraulic conductivity ﬁelds, we used
MODFLOW and a particle tracking method in MT3DMS to
study the effects of porosity and hydraulic conductivity
heterogeneities on solute transport.

Based on this study, we make the following conclusions:
1. This study characterizes heterogeneity in 2D within one
unit, and examines the effect of heterogeneity in both
porosity and derived hydraulic conductivity ﬁelds on solute transport. Plausible hydraulic conductivity realizations
can be obtained through geostatistical characterization
using data that are relatively simple to collect: particle size
data and borehole neutron (porosity) log data.
2. The porosity distribution in the study unit ﬁts a lognormal
model with a fractal correlation structure.
3. Porosity heterogeneity is important to characterize and
include in groundwater ﬂow and transport models as it can
enhance irregular plume distributions, delay and spread
solute breakthrough curves, and increase plume second
moments. Randomness in porosity ﬁelds also appears to
cause breakthrough curves to be more skewed and cause
multiple peaks.
4. The presence of signiﬁcant effects due to inclusion of porosity heterogeneity in 2D realizations of a mildly heterogeneous system indicates the need to better understand
the relationship between porosity and conductivity distributions and resulting inﬂuence on ﬂow and transport
under a broad range of dimensionality, heterogeneity, and
natural and forced gradient conditions.
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