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Abstract. Preferential flow is ubiquitous in field soils, where it has important practical
implications for water and contaminant transport. Dyes are frequently used to visualize
preferential flow pathways. The fact that stain patterns in pictures of soil profiles often
exhibit convoluted geometries, reminiscent of fractals, has encouraged a number of
authors to use the principles of fractal geometry to describe stain patterns. This
description typically involves two numbers, a mass and a surface fractal dimension. The
evaluation of either one via image analysis requires numerous subjective choices to be
made, including choices regarding image resolution, the definition adopted for the
“fractal” dimension, and the thresholding algorithm used to generate binary images. The
present article analyzes in detail the influence of these various choices on the mass fractal
dimension of stained preferential flow patterns. A theoretical framework in which to
envisage these choices is developed, using the classical quadratic von Koch island as an
example. This framework is then applied to a set of pictures of an actual stain pattern in
an orchard soil. The results suggest that the (apparent) mass fractal dimension of the stain
pattern varies between 1.56 and 1.88, depending on choices made at different stages in the
evaluation of the fractal dimension. In each case considered, the dimension, determined
by a straight line fit in a log-log plot, has extremely high statistical significance, with
R . 0.999. Of the various parameters subject to choice, image resolution seems to have
the most pronounced influence on the value of the fractal dimension, which increases
markedly at higher resolution (smaller-pixel size). By analogy with the case of the
quadratic von Koch island, this dependence on image resolution, as well as the fact that
the surface area of the stain pattern does not decrease with pixel size, suggests that the
stain pattern is not a mass fractal; that is, there is no reason to believe that its various
dimensions differ from 2. The approach adopted in the present article could be useful
whenever fractal dimensions are evaluated via image analysis.

1. Introduction

Preferential flow is the process whereby water and solutes
move via preferred pathways through a porous medium
[Quisenberry and Phillips, 1978; Parlange et al., 1988; Steenhuis
et al., 1995]. During preferential flow, local-wetting fronts may
propagate to considerable depths in a soil profile, essentially
bypassing the matrix pore space [Beven, 1991]. Although the
term preferential flow does not imply any particular mecha-
nism, it usually refers to macropore flow [Germann and Beven,

1981; McCoy et al., 1994], fingering (unstable flow) [Helling and
Gish, 1991], and funneled flow [Kung, 1990].

In a number of studies, the occurrence of preferential flow
has been deduced indirectly from the inability of traditional
transport equations (e.g., the Richards equation and the con-
vection-dispersion equation) to predict the outcome of break-
through experiments in undisturbed soil columns, lysimeters,
or tile-drained field plots [e.g., Sposito et al., 1986; Sollins and
Radulovich, 1988; Radulovich et al., 1992; McCoy et al., 1994].
Various experimental techniques have been used to get insight
into the processes that control preferential flow and in partic-
ular to identify the soil characteristics (e.g., macropores,
cracks, etc.) that are responsible for preferential flow. Exam-
ples of such experimental techniques include X ray computed
tomography [Grevers et al., 1989; Peyton et al., 1994] or micro-
morphological analysis of soil thin sections [Grevers et al., 1989;
Aguilar et al., 1990]. Most of the studies on preferential flow,

1Permanently at Department of Natural Resources and Environ-
mental Sciences, University of Illinois at Urbana-Champaign, Urbana.

Copyright 1998 by the American Geophysical Union.

Paper number 98WR01209.
0043-1397/98/98WR-01209$09.00

WATER RESOURCES RESEARCH, VOL. 34, NO. 11, PAGES 2783–2796, NOVEMBER 1998

2783



however, have relied on the use of dyes to visualize the pref-
erential flow of water and solutes in soils, in laboratory exper-
iments, or under field conditions [e.g., Bouma and Dekker,
1978; Hatano et al., 1983; Radulovich and Sollins, 1987; Par-
lange et al., 1988; Ghodrati and Jury, 1990; Flury et al., 1994;
Flury and Flühler, 1995; Natsch et al., 1996]. Observations of
dye penetration in soils provide useful information on the rates
and pathways of water movement, provided one accounts for
differences between the diffusion rates of the dye and the
water [e.g., Perillo et al., 1998].

Color or black-and-white pictures of dye-stained soil profiles
may be analyzed to provide the percentage of stained areas in
vertical or horizontal cuts in the soil [e.g., Natsch et al., 1996].
As useful as the information contained in these percentages
may be to predict the extent and the kinetics of preferential
flow in soils, one would undoubtedly want a more detailed
description of the geometry of stain patterns and some way to
relate this geometry to known morphological features of the
soils. In this respect, the close similarity that is often apparent
between these stain patterns and the very intricate details ex-
hibited by fractals has encouraged a number of researchers to
apply the concepts of fractal geometry to characterize prefer-
ential flow pathways. This approach was pioneered by Hatano
et al. [1992] and Hatano and Booltink [1992]. These authors
reported that the geometry of stain patterns in two-dimen-
sional images of soil profiles may be characterized very accu-
rately with two numbers: a fractal dimension associated with
the perimeter of the stain patterns and another fractal dimen-
sion relative to their space-filling character. The first fractal
dimension varied little among, or with depth within, the five
soils tested by Hatano et al. [1992]. However, the second fractal
dimension, known as a “mass fractal dimension” in the literature
on fractals, varied appreciably both among soils and with depth
for a given soil, with a total range extending from 0.59 to 2.0.

One way to consider these results is that the mass fractal
dimension, being apparently the most sensitive descriptor of
the geometry of preferential flow pathways, contains more
information on the processes that influence these pathways,
than the comparatively more constant “perimeter” or “sur-
face” fractal dimension. From this viewpoint, the mass fractal
dimension would serve as a good basis for comparison among
soils.

The fact that, in Hatano et al.’s [1992] experiments, the mass
fractal dimension assumes values as low as 0.59, when intu-
itively one would expect it to be equal to 2 in two-dimensional
cross sections (see section 2), suggests that something is astray
in the evaluation of this dimension and that a detailed exam-
ination of the methodology in use is warranted. The determi-
nation of fractal dimensions of objects, based on the analysis of
digitized images, unavoidably involves a number of subjective
choices. Examples are the type of camera used to take pictures
[e.g., Benson and MacKenzie, 1995], the sensitivity of the film,
the angle and field of view, the resolution of the scanner used
to digitize the image, the choice of a threshold to transform the
images from grayscale to binary (e.g., dye and nondye), and
finally the choice of a fractal dimension from among the infi-
nitely many dimensions available. Each and every one of these
subjective choices might cause the resulting fractal dimension
to wander outside the range of physically plausible values and
may lead different observers to obtain very different estimates
of the fractal dimension of a given stain pattern in a soil.

This situation is in no way unique to the application of

fractal geometry to preferential flow processes, as stressed
recently by Dubuc and Dubuc [1996]:

z z z different methods as well as different scale ranges and resolu-
tions can lead to estimates of dimension that are drastically dif-
ferent. Estimates of fractal dimension will never be valuable until
one fully understands the importance of the various error factors
involved in the estimation process.

In particular, whenever fractal dimensions are evaluated on
the basis of digitized images [e.g., Bartoli et al., 1991; Crawford
et al., 1993a, b; Chiang et al., 1994; Moore and Donaldson, 1995;
Benson and MacKenzie, 1995; Anderson et al., 1996], subjective,
operator-dependent choices have to be made. At present, the
effect of these choices on the evaluation of fractal dimensions
is not known in detail nor was it even acknowledged until very
recently [Benson and MacKenzie, 1995]. Furthermore, the the-
oretical framework necessary to interpret the influence of
some of these choices, particularly the effect of image resolu-
tion, is lacking. In this paper, (1) we attempt to provide such a
conceptual framework, in part through a detailed analysis of
the effect of image resolution on the apparent mass fractal
characteristics of a textbook fractal, the quadratic von Koch
island, (2) we analyze in detail the practical consequences of
several of the choices that have to be made in the evaluation of
fractal dimensions of preferential flow pathways, using as an
example a dye-stained profile from a percolation experiment
carried out in the field, and (3) we suggest a practical approach
for making the estimation of the mass fractal dimension more
robust.

2. Theory

2.1. The Quadratic von Koch Island

In spite of its widespread use in many scientific disciplines,
from quantum physics to hydrology, the concept of fractal is
still lacking a unique definition. It is clear from the literature
that fractal means different things to different people, often
causing considerable confusion. A detailed presentation of the
two main schools of thought is provided by Baveye and Boast
[1998]. In broad terms, the first approach (geometrical fractals)
considers fractals to be sets of points characterized by specific
geometric attributes (e.g., self-similarity and scale invariance).
From this perspective, several definitions of fractals have been
proposed, none of which have, to this date, met with unani-
mous approval. The second school of thought (statistical frac-
tals) views fractals as objects, points, or numbers such that at
least one of their characteristics (e.g., object diameter or mass)
is statistically distributed according to a power law, or Pareto,
distribution. Geometric fractals are statistical fractals, but the
reverse is not true in general (e.g., discussion in Baveye and
Boast [1998]). In the present article, only geometrical fractals
are considered.

The key features that we assume to be associated with (geo-
metrical) fractals embedded in two-dimensional space are per-
haps best illustrated with a prototypical example: the quadratic
[Feder, 1988; De Cola and Siu-Ngam Lam, 1993] or quadric
[Mandelbrot, 1982] von Koch curve. The construction of this
curve begins, at level 0, with a straight line segment of unit
length, termed the initiator (Figure 1). At the next stage (level
1), the initiator is replaced by eight line segments of length 1/4,
constituting the generator. To produce the structure at level 2
the generator is scaled by a factor 1/4 and is used to replace
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each individual segment in the level 1 structure (i.e., each
segment in the generator itself). To proceed to the next stage
(level 3), the generator is scaled by a factor 1/16 and is substi-
tuted for each of the 64 straight segments of level 2. Each of
the sets of points generated by this iterative process is known
as a prefractal and, at level i , has 8 i segments of length (1/4) i

and a total length 2 i that diverges as i increases.
If the iterative process above is pursued until i reaches

infinity, one obtains the quadratic von Koch curve. Some of the
key features of this curve and some of the reasons that justify
considering it a fractal are that (1) it contains exact copies of
itself at many different scales, (2) the curve has “fine” struc-
ture; it contains detail at arbitrarily small scales, (3) although
the curve has an intricate and detailed structure, its actual
definition is straightforward, (4) the curve is obtained by a
recursive procedure, (5) it is awkward to describe the local
geometry of the curve because it has no tangent anywhere, and
(6) the actual quadratic von Koch curve cannot be represented
graphically, only its prefractals can be so represented.

A variant of the quadratic von Koch curve that is particularly
relevant to the analysis of the preferential flow experiments
described in section 3 is obtained by applying the generator of
Figure 1 to each of the sides of a square (the initiator) with
sides of unit length and then subsequently to each straight line
segment in the structure. In this case, the generator adds a
small peninsula and subtracts an equal-sized bay as each edge
of the previous level is replaced. For i 3 ` , this iterative
process leads to the quadratic von Koch island. Because of the
geometry of the generator, it is easy to see that the area of this
island, as well as of any of its prefractals, remains equal to the
unit area of the initiator. Furthermore, since the perimeter of
the i level prefractal is equal to Li 5 4 3 8 i 3 (1/4) i, it is

clear that the perimeter, or coastline, of the quadratic von
Koch island is infinitely long.

2.2. Box-Counting and Other Fractal Dimensions

This interesting property of the quadratic von Koch island of
having a finite surface enclosed by an infinite perimeter is not
conveyed by knowledge of the topological dimensions, equal to
2 and 1, of the island and its coastline, respectively. Indeed, on
the basis of its topological dimension, nothing distinguishes the
island’s perimeter from a regular line segment or from the
perimeter of the square initiator in Figure 2.

Fortunately, other dimensions are available, like the Haus-
dorff and the similarity dimensions (denoted by DH and DS,
respectively), which provide a better grasp of the space-filling
characteristics of fractals [e.g., Falconer, 1990]. Since the gen-
erator of the quadratic von Koch curve consists of eight line
segments of length r 5 1/4, the similarity dimension of the
curve is given [Feder, 1988] by DS 5 2ln 8/ln 1/4 5 1.5 (which
is also identical to its Hausdorff dimension). Similarly, in the
case of the coastline of the quadratic von Koch island, DH 5
DS 5 1.5, whereas for the island itself DH 5 DS 5 2
[Mandelbrot, 1982]. In other words, according to the traditional
nomenclature [see, e.g., Baveye and Boast, 1998], the von Koch
island is a surface fractal but not a mass fractal. (We shall
adhere to this terminology in this paper, even though it is clear
that the terms perimeter fractal and surface fractal, would be
more appropriate in the present context). In the case of the
von Koch island, the iterative construction algorithm is simple
enough as to allow the evaluation of both DH and DS. In many
cases, however, evaluation of DH is exceedingly tedious. Also,
by its very definition, DS is not meaningful for geometric sets
that are not exactly self-similar.

To characterize the dimensionality of random or nonexactly
self-similar sets of points, the so-called box-counting dimen-
sion has gained widespread use, and its theoretical underpin-
nings have been investigated in detail [see, e.g., Falconer,
1990]. It is commonly denoted by DBC and is defined as

Figure 1. First three steps in the iterative construction of the
quadratic von Koch curve.

Figure 2. First three steps in the iterative construction of the
quadratic von Koch island.
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DBC~F! ; lim
«30

log10 N«~F!

2log10 «
(1)

In this definition, F is an arbitrary set of points in Rn, and
N«(F) is the number of “covering sets” Ui such that uUiu , the
greatest distance separating any pair of points in Ui, is less
than «. Equation (1) can accommodate a variety of geometries
for the Ui values. Probably the most commonly used is that of
a square (in R2) or cube (in R3) in an «-mesh, i.e., a square
grid with « spacing (see examples in Figure 3).

The information and correlation dimensions are widely used
in the literature and will be evaluated in the following sections.

The information dimension is defined as [e.g., Korvin, 1992]

DI~F! ; lim
«30

I~«!

2log10 «
(2)

where

I~«! ; O
i51

N~«!

2 P~« , i! log10 ~P~« , i!! (3)

In this last expression the quantity 2log10 (P(« , i)) measures
the information conveyed by knowing that a point of the set F
under study is in the ith box of an « covering. Therefore, I(«)
in (3) measures the average information conveyed by knowing
what box a point of F is in.

The correlation dimension can be calculated using the Eu-
clidean distances s(i , j) [ i x(i) 2 x( j)i between each pair of
points in the set F . Using these distances, one may calculate
the sample correlation function C(r) with the formula

C~r! ;
~number of pairs of points ~i , j! with s~i , j! , r!

~total number of pairs of points ~i , j!!

(4)

This C(r) function has been found to follow a power law in
terms of the distance r . Consequently, a dimension known as
the correlation dimension may be defined as [e.g., Korvin,
1992]

DC~F! ; lim
r30

log10 @C~r!#
2log10 ~r! (5)

Curiously, there does not seem to have been any interest at
all in the literature in applying the box-counting method to the
quadratic von Koch island or to evaluate DI or DC for this set,
in part, no doubt, because DH and DS can be easily evaluated
for the island. However, the application of these methods in
this context raises a number of fundamental questions, which,
as we shall see, also pertain to the analysis of images of more
complicated objects.

The calculation of the number of squares of a given side
length « needed to completely cover the quadratic von Koch
island is greatly simplified if one takes as values of « the
segment lengths of the island’s prefractals, i.e., « 5 (1/4) i for
i 5 0, z z z , ` , and if one uses a square grid, four of whose
corners coincide with the four corners of the initiator. This
coverage is illustrated in Figure 3 for squares of size « 5 1, 1/4,
and 1/16 (corresponding to the initiator and the level 1 and 2
prefractals, respectively). A single square of side « 5 1 is
needed to cover the initiator. To cover the island, one has to
decide whether squares that intersect the island only at one
point (i.e., at one of their corners) should be included in the
coverage or not. Following a common practice in the literature
on fractals, we shall assume here that these squares should not
be counted as part of the coverage. Under these conditions it
is clear that for « 5 1, five squares are needed to cover the von
Koch island. For « 5 1/4, 36 squares are involved in the cov-
erage versus (1/«)2 5 42 5 16 squares to cover the correspond-
ing prefractal.

If these various results are plotted in a log-log diagram, for
example for i 5 0, z z z , 10 (Figure 4a), it is apparent that the

Figure 3. Schematic representation of the coverage of the
quadratic von Koch island with boxes of sidelength (a) « 5 1,
(b) « 5 1/4, and (c) « 5 1/16. In all three drawings the level 4
prefractal is used to give an approximate depiction of the
actual quadratic von Koch island, which cannot be represented
graphically.
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number of squares involved in the box-counting method (full
circles) tends asymptotically to the number of squares (5 1/«2)
in the corresponding prefractals (open triangles), as « de-
creases. This asymptotic behavior is perhaps best illustrated by
fitting a cubic spline to the points representing the logarithms
of the numbers of boxes plotted against log10 («) and differ-
entiating the cubic spline polynomials with respect to log10 («)
(curve in Figure 4b). An alternative approach is to calculate
incremental differences [log10 N(« i) 2 log10 N(« i21)] for
successive « i values (i $ 1), divide these differences by the
corresponding absolute differences ulog10 («i) 2 log10 («i21)u,
and plot the ratios versus log10 («) (assuming that the calcu-
lated ratios are associated with the lower bounds of the «
increments) (points in Figure 4b). It is clear from the outcome
of both of these procedures that the slope of the log10 (N)
versus log10 («) curve tends to a value of 2 when « decreases,
so that for the quadratic von Koch island, in the limit as « 3
0, the box-counting dimension defined by (1) assumes a value
identical to that of the Hausdorff and similarity dimensions
(DH 5 DS 5 2). In fact, as « decreases, the equality DBC 5
DH (5 DS 5 2) is quickly attained to within a very good
approximation (1% deviation for « as large as 1024). Thus the
box-counting method confirms the conclusion reached on the
basis of the Hausdorff and similarity dimensions; the quadratic
von Koch island is not a mass fractal.

In many cases in the literature, the passage to the limit «3
0 embodied in the definition of DBC is ignored, and the box-
counting dimension is approximated instead via linear regres-
sion of log10 (N) versus log10 («) (or via nonlinear regression
of N versus «), within a limited range of « values. Generally,
linear regression on log-transformed data biases in favor of the
high-« range, and therefore nonlinear regression on untrans-
formed data is recommended [e.g., Rasiah et al., 1995]. How-
ever, in all cases reported in the present article, linear and
nonlinear regression gave effectively identical estimates, and
either one will be used in reporting the results. The range of «
in Figures 4a and 4b is quite wide (6 orders of magnitude)
because the only factor limiting this range is computational
expediency. To more closely mimic the situation which is en-
countered when actual data are analyzed, the four smallest-«
values in Figure 4a are ignored in Figure 4c. A linear regres-
sion of these box numbers gives DBC ' 1.832 (as compared
to DBC ' 1.914 when the entire 106-fold range of g in Figure
4a is included). Comforted by the fact that the value DBC '
1.832 is deduced from data spanning .3 orders of magnitude
of «, as recommended by statisticians [e.g., Korvin, 1992], and
by the very high R value (5 0.9999) associated with this esti-
mate, one might be tempted to conclude that DBC being sta-
tistically significantly ,2 proves that the geometrical structure
it characterizes is a mass fractal. However, the discussion
above, and the results illustrated in Figures 4a and 4b show this
conclusion to be erroneous. This observation underscores the
need to consider limit-slope behavior rather than average-
slope behavior when applying the box-counting method to a
geometrical object. An alternative approach, which in the
present case yields the same conclusion, is to compute stan-
dard deviations using the method proposed by Reeve [1992].
This method takes into account the positive correlation exhib-
ited by box-counting data and yields suitably larger values for
the standard error about the mean, reflecting this correlation
structure. For the box-counting numbers in Figure 4c, Reeve’s
[1992] method yields a standard error about the mean equal to
0.0845. According to standard statistical theory [Mandel, 1964,

p. 119], this results in a one-sided 95% confidence interval
defined as DBC # 2.002 or a two-sided 95% confidence
interval such that 1.615 # DBC # 2.049. In both cases, these
intervals include the value 2. Consequently, the value of 1.832
found for DBC is not significantly different than 2.

It is clear from Figure 4c that the value of DBC just obtained

Figure 4. (a) Logarithmic graph of the number N of squares
of side length « needed to cover the prefractals of the quadratic
von Koch island (open triangles) and the island itself (full
circles). The power law equations in the boxes correspond to
the straight lines, obtained via nonlinear regression. (b) Illus-
tration of the asymptotic behavior of the slope dlog10(N)/
dlog10(«) (calculated in two ways, see text) versus «, for the
box-counting coverage of the quadratic von Koch island. (c)
Same diagram as Figure 4a, except for the fact that only the
seven largest values of « are used in the regression analysis.
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is strongly influenced by the coarser resolution data points, for
« 5 1/2 and 1. Some authors (e.g., John Saraille and Peter
DiFalco, see section 3) recommend that these points be ig-
nored in the evaluation of DBC, on the grounds that the box
size in those cases is too close to the size of the initiator. If this
recommendation is adopted (as it will be consistently in the
remainder of this article) and we recompute the value of DBC

under the conditions above, we find that DBC 5 1.926 (R 5
0.99999), a higher value than that obtained earlier, yet still
,2. Again, depending on whether or not one adopts Reeve’s
[1992] method, this DBC value either does not or does differ
from 2.0 (at a 95% confidence level), respectively.

2.3. Images, Resolution, and Thresholding

The discussion in subsection 2.2 presumed that the evalua-
tion of the fractal dimension, using any particular definition,
could be carried out on the geometric fractal itself. This as-
sumption is valid in the case of mathematical fractals like the
quadratic von Koch island but is never met for real, or natural,
fractals such as clouds, river networks, or soil samples. For
physical reasons, it is impossible to obtain a representation of
these systems with an infinite level of detail. Any attempt to
depict them via, for example, digitized photographs, radar
traces, or tomographic three-dimensional reconstructions, un-
avoidably involves some coarse graining of the features of the
original systems.

At least one aspect of this coarse-graining process is analo-
gous to the application of the box-counting method illustrated
in Figure 3 in that a regular square grid is superimposed on the
system. In the application of the box-counting method to the
quadratic von Koch island, for example, a given square is
tallied if it intersects the island at more than one point. In a
digitized gray scale image of the island, however, the square
grid defines the pixels, and the degree of overlap of each pixel
with the island determines, via a proportionality rule, the gray
scale level associated with the pixel. Gray scale levels custom-
arily range from 0 to 255 (i.e., there are 256 or 162 gray scale
values in total). In the following, it will be assumed that white
and black correspond to gray scale values of 0 and 255, respec-
tively.

A digitized image of the quadratic von Koch island with pixel
size l 5 1, and, for convenience, with a square grid positioned
as in Figure 3a, has three gray scale levels (Figure 5a). The
outer diagonal pixels overlap with the island at only one point
and therefore remain completely white (gray scale level is 0).
In comparison, the four outer nondiagonal pixels overlap sig-
nificantly with the von Koch island. The extent of this overlap
may be calculated exactly for each prefractal of the von Koch
island and converges to 1/14, as i 3 ` , i.e., for the island itself.
This percentage translates into a gray scale level equal to 18
(255/14, truncated to an integer). Since the area of the island
is one, the central pixel in Figure 5a must have a gray scale
level of 255(1 2 4/14) 5 182. In digitized images at higher
resolution (i.e., with smaller-pixel size), the number of gray
scale levels increases (cf. Figures 5b and 5c).

In practical applications of fractal geometry to real systems,
images like those of Figure 5 constitute the starting point of
analyses. Available methods for the evaluation of fractal di-
mensions, however, require the number of gray scale levels to
be reduced to just two: black and white. In other words, the
images need to be thresholded. Various automatic algorithms,
such as those described briefly in section 3, could be used to
this end. However, given the intrinsic symmetry of the histo-
grams of images of the von Koch island obtained by coarse
graining and the lack of dispersion of gray scale levels around
certain peak values, it is sufficient for purposes of the present
analysis to consider three special cases of thresholding. The
first, high threshold, consists of considering that any pixel with
a gray scale value #254 should become white (gray scale level
is 0). Alternatively, adopting a low threshold, one could con-
sider that any pixel with a gray scale level .0 should become
black. Between those two extremes, one may take as a medium
threshold the value that splits the gray scale into two equal
parts: Pixels with gray scale value #127 become white, and
pixels with gray scale value .127 become black. Application of
these three approaches to the quadratic von Koch island,
coarse grained with pixels of size l 5 (1/4)4 5 1/256 (Figure 6),
shows that the resulting binary images have significantly dif-
ferent appearances. The high threshold (Figure 6a) yields an
image composed of the pixels that are entirely contained within

Figure 5. Gray scale images of the quadratic von Koch island with pixels of size (a) l 5 1, (b) l 5 1/2, and
(c) l 5 1/4. As with the box size « in Figures 3 and 4, l is relative to the length of the sides of the square
initiator in Figure 2.
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the island. Implicitly, this is the threshold adopted by De Cola
and Siu-Ngan Lam [1993] in their analysis of photographs at
different resolutions. The medium threshold (Figure 6b) yields
a prefractal of the quadratic von Koch island. Finally, the low
threshold (Figure 6c) produces a fattened version of the island,
with a total number of pixels (of size «) equal to the number of
boxes of size « needed to cover the island.

When the variability due to thresholding is considered at the
same time as that due to image resolution, the resulting graph
(Figure 7a) exhibits several clear trends. The threshold level
has a strong influence on DBC values, particularly at low res-
olution. The “rounder” islands obtained with a low threshold
have DBC values higher than those corresponding to the me-
dium or high thresholds. The three threshold levels shown in
Figure 7a include the two extreme possibilities, which would
rarely be applied to an image of a real system, but Figure 7a
shows clearly that DBC depends strongly on image resolution
for each possible threshold level.

There is also a significant discrepancy between the values
obtained for DBC, DI, and DC (Figure 7b). Interestingly, the
inequalities DBC , DI , DC that emerge from this figure are
opposite to the theoretical inequalities DBC $ DI $ DC [e.g.,
Korvin, 1992; Baveye and Boast, 1998]. However, one has to
remember that the latter inequalities were obtained when each
of the dimensions involved was defined as a limit, either for
« 3 0 or r 3 0, according to (1), (2), and (5). When slopes
were evaluated, as in Figure 4b, for any given « or r , the “local”
values of DBC, DI, and DC were found to satisfy the theoret-
ical inequalities DBC $ DI $ DC, indicating that these
inequalities would still be valid as « 3 0 or r 3 0. When the
dimensions DBC, DI, and DC are obtained via linear or non-
linear regression in a finite range of «, as they were for Figure
7b, the slope averaging associated with the nonlinear fitting can
reverse the ranking of the fractal dimensions.

The clear trends exhibited by the data points in Figures 7a
and 7b might suggest that the “true” values of the box-
counting, information, and correlation dimensions could be
obtained by some kind of an extrapolation of the D-l rela-
tionship for l 3 0. For example, when the data of Figure 7b
were approximated with an exponential function of the form
y 5 A eBl, the intercepts turned out to be equal to 1.81, 1.86,
and 1.88 for the box-counting, information, and correlation
dimensions, respectively, with R values larger than 0.99 in all
three cases. These intercept values are low compared to the
correct, theoretical value of 2, and therefore it appears that
extrapolation to vanishing pixel size is not a reliable way to
estimate the dimension of a fractal.

The overall effect of resolution, thresholding, and choice of
a fractal dimension on the dimensions obtained for the qua-
dratic von Koch island is depicted in Figure 7c. Depending on

the method that is selected, one finds fractal dimensions rang-
ing between 1.47 and 1.88, with a clear trend toward higher-D
values at higher resolution (smaller-pixel size). Again, as ear-
lier, these observations are entirely artifactual, since we know
that in reality the quadratic von Koch island is not a mass
fractal and has a dimension of 2. As we shall see in section 4,
Figure 7 shares a number of features with similar graphs ob-
tained for the fractal dimensions of stain patterns in field soils
after percolation of a dye solution.

3. Materials and Methods
3.1. Field Site

The field site is located in the old Cornell University or-
chard, in Ithaca, New York. Soils in this orchard are moder-
ately well-drained, were formed on a lacustrine deposit, and
have been classified alternatively as a fine, illitic, mesic Glos-
saquic Hapludalf [Vecchio et al., 1984] or as a mixed, mesic
Udic Hapludalf [Merwin and Stiles, 1994]. The orchard was
originally planted in 1927, but the trees were removed in 1977–
1978. Between 1979 and 1983 a variety of test crops, including
tobacco, sunflower, and vegetables were grown on the plot. In
1985, the site was deep plowed with 12 T/ha of dolomite lime,
and ryegrass and red fescue were planted [Merwin and Stiles,
1994]. In April 1986, dwarf apple trees were planted 3 m apart
in rows spaced 6 m apart. Sod grass ground cover has since
been maintained between the tree rows and has been regularly
mowed to a height of 6–10 cm.

3.2. Dye Experiment

On July 14, 1995, a 68.6 cm ID metal ring was pushed into
the surface layer of the soil. Twenty liters of a 1% solution (10
g/L) of blue food coloring (F&DC #1) were poured inside the
cylinder and rapidly infiltrated into the soil. Fifteen minutes
later, a 1.8 m deep trench was dug, tangential to the outer
surface of the metal ring. Initial digging was done with a back-
hoe, followed by carefully removing soil with shovels in order
to obtain as vertical as possible a soil profile. Color pictures
were taken of the exposed soil facies with a hand-held camera
(Plate 1). Then a 5 cm thick slice of soil was further excavated
toward the center of the ring. This same procedure was re-
peated 3 times, at 15 cm intervals, to obtain evidence of dye
preferential transport at various points underneath the metal
ring.

3.3. Image Manipulation

Two different color pictures of a single soil facies were used
in the present study. These pictures, labeled “16” and “17,”
differ slightly with respect to viewing angle and exposure.
Color prints and slides were obtained in both cases. The slides

Figure 6. Images of the quadratic von Koch island obtained with (a) a high threshold, at gray scale level 254,
(b) a medium threshold, at gray scale level 127 and (c) a low threshold, at gray scale level 0. See text for details.
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were scanned, and the resulting (2048 3 3072 pixels) digitized
images were stored in red-green-blue (RGB) color-coding for-
mat on a Kodak CD-ROM. The color print of picture 16,
which will be referred to hereafter as picture “15” to distin-
guish it from the other two starting pictures, was also scanned
at 600 dpi on a UMAX Power Look PS-2400X color scanner
(UMAX Data Systems, Inc.), generating an image with 2844 3
4557 pixels.

The software Adobe PhotoshopTM (version 3.0, Adobe Sys-
tems, Inc.) was used to manipulate and analyze the soil images.
The digitized image obtained by scanning the color print was
analyzed as such, without any resolution changes, whereas im-
ages 16 and 17 on the CD-ROM were retrieved using capabil-
ities of Adobe Photoshop at five different resolutions (2048 3
3072, 1024 3 1536, 512 3 768, 256 3 384, and 128 3 192
pixels) and denoted, as 16-1, z z z , 16-5 and 17-1, z z z , 17-5,
respectively. In moving from one resolution to the next coarser
resolution, pixels were isolated in groups of 2 3 2 pixels, and
the arithmetic average of the gray scale levels of the four fine
resolution pixels was assigned to the coarse resolution pixels.

To ensure that all digitized images would receive identical
treatments, precisely the same field of view was “cropped” (i.e.,
delineated and cut) in each case. In addition, to maximize the
contrast between stained and background soil material, the
storage format of the cropped images was changed from RGB
to cyan-yellow-magenta-black (CYMK), and the cyan channel
was retained for further analysis. This channel happens to
correspond very closely with the color of the dye used in the
field experiment; a feature that makes the stain patterns much
more sharply contrasted than for any of the other channels
available in Adobe Photoshop. For the remainder of the work
the cyan channel of each image was converted to a gray scale
image.

3.4. Thresholding Algorithms

To threshold or “segment” a digitized image, one could in
principle proceed by trial and error until one achieves a thresh-
olding that appears reasonable, i.e., coincides with some a
priori idea one may have about the two categories of pixels one
attempts to separate. Unfortunately, this procedure is very
subjective and may lead to biases when one is trying to com-
pare images or in the analysis of time sequences of images of
a given object (e.g., under evolving lighting conditions). To
palliate these difficulties, numerous automatic, nonsubjective
thresholding algorithms have been developed [e.g., Glasbey
and Horgan, 1995]. Two of the most commonly used were
adopted in the research described in the present article. Both
are iterative.

The intermeans algorithm is initiated with a starting “guess”
for the threshold. Then the mean pixel value of the set of pixels
with grayscale level greater than the initial threshold is calcu-
lated and likewise for the set of pixels with gray scale level less
than or equal to the initial threshold. The average of these two
means is calculated, and truncated to an integer, to give the
next guess for the threshold. This process is continued, itera-
tively, until it converges, i.e., until there is no change in the
threshold from one iteration to the next.

In the minimum-error algorithm, the histogram is visualized
as consisting of two (usually overlapping) Gaussian distribu-
tions. As with the intermeans algorithm, a starting guess for the
threshold is made. The fraction of the pixels in each of the two
sets of pixels defined by this threshold is calculated, as are the
mean and variance of each of the sets. Then, in effect, a
composite histogram, which is a weighted sum of two Gaussian
distributions each with mean and variance as just calculated
and weighted by the calculated fraction, is formulated. The
(not necessarily integer) gray scale level at which these two
Gaussian distributions are equal is calculated (involving a so-
lution of a quadratic equation). This grayscale level, truncated
to an integer, gives the next guess for the threshold. Again, the
process is continued, iteratively, until it converges.

Figure 7. (a) Influence of thresholding on the relationship
between box-counting dimension and pixel size in four differ-
ent images of the quadratic von Koch island, (b) values of three
fractal dimensions of images of the quadratic von Koch island,
thresholded at gray scale level 127 (medium threshold), and (c)
summary of the three fractal dimensions obtained with images
thresholded in three different ways. The solid lines are cubic
splines fitted to extreme points to provide an idea of the gen-
eral envelope in which data points are located.

BAVEYE ET AL.: IMAGE RESOLUTION AND PREFERENTIAL FLOW IN FIELD SOILS2790



Both thresholding algorithms suffer from the fact that the
choice of the starting guess used to initiate the iterative calcu-
lations determines to some extent the final value of the thresh-
old. The resulting indeterminacy was avoided by using an ob-
jective approach developed by C. W. Boast and P. Baveye
(Avoiding indeterminacy in iterative image thresholding algo-
rithms, submitted to Pattern Recognition, 1997).

3.5. Removal of Islands and Lakes

After thresholding the images of soil profiles with one of the
algorithms described above, the resulting geometrical structure
is generally very disconnected; besides two or three large “con-
tinents” that extend downward from the soil surface, there is a
myriad of “islands” of various sizes and shapes. Some of these
islands may in fact be peninsulas, artificially separated from the
continents by the coarse graining associated with the genera-
tion of images at a specified resolution. Some of the islands,
however, may be truly disconnected from the continents and
may be manifestations of three-dimensional flow, not strictly in
the plane of the images.

For the purpose of describing one-dimensional preferential

flow in field soils, one may want to restrict application of fractal
geometry to the part of a stain pattern that is connected to the
inlet surface. This can be achieved with Adobe Photoshop by
selecting the continents with the magic wand tool, inverting the
selection (i.e., selecting everything but the continents), and
making the latter selection uniformly white by adjusting its
contrast and brightness. This procedure effectively eliminates
the islands.

In a similar manner, even though a physical justification is
less obvious in this case, it is possible to remove the “lakes,” or
patches of unstained soil within the continents.

3.6. Calculation of Fractal Dimensions

The box-counting, information, and correlation dimensions
were calculated using the C11 code “fd3” written by John
Saraille and Peter Di Falco (California State University at
Stanislaus). This code, widely available on the Internet, for
example, via anonymous ftp at ftp.cs.csustan.edu (indirectory
/pub/fd3/), is based on an algorithm originally proposed by
Liebovitch and Toth [1989]. As do virtually all other algorithms
that are meant to evaluate fractal dimensions of geometrical

Plate 1. Color picture (“16”) of the dye-stained soil profile.
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structures in a plane, fd3 only considers the centroids of the
various pixels constituting the images of these structures. The
side of the smallest square that fully covers the given set of
points is consecutively halved 32 times, yielding box coverages
with progressively smaller boxes. The two largest box sizes are
considered too coarse and are therefore not taken into account
in the calculation of the box-counting, information, and corre-
lation dimensions. Similarly, at the low end of the range of box
sizes, the “plateau” data points, for which the number of boxes
is equal to the total number of points (equals number of pixels
in the image), are ignored.

The box-counting dimensions of several of the stain patterns
were also calculated using a Pascal code written especially for
the present work. These calculations allowed us to validate
independently the estimations of the box-counting dimensions
obtained with fd3.

4. Results and Discussion
In all three pictures (e.g., picture 16 in Plate 1), the stain

patterns are clearly visible close to the soil surface, where they
are strongly contrasted with the light-colored soil in the surface
horizon. Below 40 cm, it becomes more difficult to distinguish
the stained preferential flow pattern from the much darker soil
horizon.

After selection of a portion of the image (in part to avoid the
wavy soil surface and the heavily stained root zone) and after
transformation to the CYMK color representation (see section
3), the visual impression of where the stain has percolated is
strongest in the cyan layer image (see in Figure 8a). The
preferential flow pathways in this cyan layer image appear
distinctly darker than the background soil, both in the surface
and deeper horizons. In the histogram of image 16-2 (Figure 9)

the background soil has a very sharp peak centered around a
gray scale level of 91, whereas the stained area produces a
broad shoulder, approximately from 120 to 165. Similar peaks
and shoulders are found in the histograms of the cyan layers of
the other images, even though their general shape and their
location changes slightly from image to image.

Figure 8. (a) Gray scale image, labeled 16-2, of the cyan layer of picture 16, retrieved at the second highest
possible resolution, (b) black-and-white (binary) image obtained by thresholding image 16-2 with the inter-
means algorithm, and (c) same image as in (b), but after removal of “islands” and filling of “lakes” (see text
for details). (The frames around Figures 8b and 8c have been added here solely to indicate the limits of the
digitized images.)

Figure 9. Histogram of pixel numbers versus gray scale levels
for image 16-2. The total number of pixels in this image is
1,109,485. The arrow corresponds to a threshold of 118, ob-
tained with the intermeans algorithm. The peak at gray scale
levels below the threshold corresponds to the background soil,
whereas the broad shoulder extending from the threshold to a
gray scale level of ;165 is associated with the stain pattern.

BAVEYE ET AL.: IMAGE RESOLUTION AND PREFERENTIAL FLOW IN FIELD SOILS2792



Application of the thresholding algorithms to the various
images gives the threshold values reported in Table 1 and gives
thresholded images like those of Figure 8b and 8c (the latter
after removal of islands and filling of lakes). The systematic
differences between the threshold values found for the images
derived from pictures 15, 16, and 17 correspond to differences
in the exposure of the pictures: picture 15 being slightly un-
derexposed compared with picture 16, which in turn is slightly
underexposed compared with picture 17. Besides this influence
of picture exposure, it appears that the minimum-error algo-
rithm yields threshold values that are generally, but not always
(cf. images 17-1 and 17-5), larger than those obtained with the
intermeans algorithm. This discrepancy, when it is large, af-
fects a sizable portion of the pixels, for example, 17.2% in
image 16-5 (percentage relative to the number of pixels that
are above the intermeans threshold).

This discrepancy among threshold values translates into dif-
ferent fractal dimensions, as shown in Figure 10. Without ex-
ception, for a given image, the calculated fractal dimensions
are largest in the (derived) binary image obtained with the
lowest-threshold value, i.e., in the binary image with the larg-
est-stain pattern. In most cases, the intermeans threshold is
smaller than its minimum-error counterpart, and the fractal
dimensions determined using the intermeans threshold are
higher than those based on the minimum-error threshold
(open symbols generally are higher than full symbols in Figure
10). This trend is however reversed for image 17-1 (third set of
points from left in Figure 10). Interestingly, these observations
conform to those resulting from the analysis of the quadratic
von Koch island (Figure 7b). Nevertheless, quantitatively, the
influence of the thresholding method on fractal dimensions
remains somewhat small; the largest difference in the fractal
dimension, 0.034, is found in the case of the information di-
mension in image 16-5, as seen in the second set of points from
the right in Figure 10.

More significant, quantitatively, is the influence of the
choice of a fractal dimension. Again, the experimental obser-
vations in this respect follow trends that are very close to those
already described in Figure 7b; for all images, the inequalities
DBC , DI , DC are verified, with DBC often appreciably
lower than the other two. The absolute difference among di-
mensions can be somewhat large, amounting to as much as

0.138 (between the box-counting and correlation dimensions in
image 17-4, thresholded with the intermeans algorithm).

A third cause of subjectivity in the evaluation of the fractal
dimensions of stained preferential flow patterns is related to
the decision to leave or to remove the islands and lakes. This
decision appears to affect the box-counting dimensions more
than the other two dimensions, and in almost all cases the
removal of the islands or the filling of the lakes each cause the
dimensions to increase by as much as 0.058 and 0.011, respec-
tively (cf. Figure 11). By contrast, the largest increases for the
information and correlation dimensions were 0.027 and 0.023,
respectively (data not shown).

We have just analyzed the effect of three possible causes of
subjectivity in the determination of the fractal dimensions of
stained preferential flow pathways. It is clear, however, from
Figures 10 and 11 that the most significant source of variability
of the fractal dimension is related to the resolution of the

Table 1. Values of the Physical Pixel Size and of Intermeans
and Minimum-Error Thresholds for the Various Digital
Versions of the Available Pictures of the Soil Profile

Image
Number

Physical
Pixel
Size,
cm

Intermeans
Threshold,
Gray Scale

Level

Minimum-Error
Threshold,
Gray Scale

Level

15 0.024 126 135
16-1 0.042 117 120
17-1 0.053 112 111
16-2 0.083 118 122
17-2 0.105 113 115
16-3 0.167 118 122
17-3 0.211 113 114
16-4 0.333 118 123
17-4 0.420 113 115
16-5 0.667 118 125
17-5 0.846 109 109

Values are sorted in order of pixel size. Figure 10. Effect of thresholding and of the choice of a frac-
tal dimension on the relationship between fractal dimension
and pixel size. Open symbols correspond to the intermeans
(IM) algorithm, and full symbols correspond to the minimum-
error (ME) algorithm. Circles, squares, and diamonds are as-
sociated with the box-counting, information, and correlation
dimensions, respectively.

Figure 11. Influence of the removal of islands, and of islands
and lakes, on the values of the box-counting dimension in
images thresholded with the intermeans algorithm.
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images used in the analyses. In both Figures 10 and 11, there
is a marked tendency for the fractal dimensions to increase
with resolution, i.e., to increase when the pixel size decreases.
This general trend appears very clearly when one presents in a
single graph (Figure 12) all the calculated fractal dimensions
(198 values in total, corresponding to 2 thresholding algo-
rithms, 3 different fractal dimensions, 3 levels of island remov-
al/lake filling, and 11 images); the envelope surrounding the
experimental data points has a marked tendency to drift up-
ward for small pixel sizes.

Each point exhibited in Figure 12 is based on a log-log
graph, which, in isolation, might be regarded as a convincing
demonstration that the experimentally observed staining pat-
tern is a mass fractal, with a fractal dimension strictly ,2. For
example, the box-counting dimension of image 16-2 and the
correlation dimension of image 17-1 are based on log-log plots
presented in Figure 13a. The R values obtained in both of
these cases are remarkably high compared to R values com-
monly reported in the relevant literature [e.g., Chiang et al.,
1994], yet they are representative of the R values found in the
present research; none of the 198 fractal dimensions reported
in Figure 12 had an associated R value ,0.999. In addition,
both straight lines in Figure 13a extend over almost 21

2
orders

of magnitude of the abscissa, which is near to the 3 decades
suggested by statisticians to support credence in the reliability
of the estimates. Further assurance is provided by the fact that
Reeve’s [1992] method yields standard errors about the mean
equal to 0.036 for image 16-2 and 0.026 for image 17-1.
These values result in one-sided 95% confidence intervals of
[2`, 1.772] and [2`, 1.898], respectively, neither of which
reaches 2. This feature is also shared by all the 198 fractal
dimensions graphed in Figure 12; the upper limit of the one-
sided 95% confidence interval that gets closest to 2 reaches
only 1.943 (for image 15, intermeans threshold, islands and
lakes removed, and correlation dimension).

The extremely high statistical significance associated with
these determinations of the fractal dimensions could be taken
as convincing proof that fractal geometry can usefully be ap-
plied to the description of stain patterns in field soils, and that

these patterns are mass fractals, with a fractal dimension sig-
nificantly ,2.

Unfortunately, this line of thought leads to the conclusion
that the fractal dimension of stained preferential flow patterns
cannot be determined unambiguously, in view of the results
presented in Figure 12. Indeed, different observers, confronted
with the same stain pattern that has been analyzed above but
making different judgment calls at different stages in the eval-
uation of its fractal dimension, may end up with dimensions
ranging at least from 1.56 to 1.88 and possibly even beyond
these two limits if they make choices that differ from those
included in the present research.

This (unacceptable) indeterminacy may be resolved if one
takes the clear parallelism that exists between Figures 7c and
12 as a suggestion that the “true” dimension of the stained
preferential flow pattern may be the same as that of the qua-
dratic von Koch island, i.e., 2. The fact that all our attempts to
extrapolate observed trends in Figure 14 to zero pixel size
yields “limit” dimensions that are ,2 is not in direct conflict
with the working hypothesis that the dimension is 2. Indeed, a
similar situation was found in connection with Figure 7c.

Figure 12. Compilation of the 198 fractal dimensions, ob-
tained in the present study, versus the physical pixel size. The
gray region represents the global envelope of the plotted data,
determined by connecting the outermost points with straight
lines.

Figure 13. (a) Examples of linear fits for log10 (N) versus
log10 («) in image 16-2 and for log10 (C) versus log10 («) in
image 17-1 (both images result from application of the mini-
mum-error threshold). The actual box size («) has units of
centimeters. The box-counting dimension of image 16-2 equals
1.705 (R 5 0.9998), and the correlation dimension of image
17-1 equals 1.848 (R 5 0.99985). (b) Local slopes of cubic
spline fits of the data points in Figure 13a. The solid line and
the dashed line are associated with images 16-2 and 17-1,
respectively.
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Strong support for the hypothesis of a dimension equal to 2
comes from at least two different directions. The first is that if
the stained preferential flow pattern in Plate 1 were a mass
fractal (i.e., if its dimension were strictly ,2), its area by def-
inition would tend to zero as « 3 0. Conceptually, one might
anticipate this to be true at observational scales close to, or
smaller than, the pore scale, since one expects the dye to be
preferentially adsorbed at solid-liquid interfaces, which would
appear predominantly as curves in extremely high resolution
images of cuts through the soil mass. But it is clear from Figure
14 that in the range of (much larger) observation scales
spanned in the present research, the total surface area is not
decreasing with increasing resolution, and therefore the stain
pattern does not behave like a mass fractal.

The second source of support for the hypothesis of a dimen-
sion equal to 2 is provided by an analysis similar to that carried
out earlier in connection with Figure 4b. Instead of using linear
regression to fit the data points in Figure 13a, one may fit them
with cubic splines, and the resulting cubic splines may be dif-
ferentiated with respect to the logarithm of the physical box
size. The derivatives, or local slopes, are presented in Figure
13b. (The two curves selected for display in Figure 13 were
chosen because they are representative of the two distinct
types of behavior observed among the 198 cases considered.)
These curves differ markedly from the curve presented in Fig-
ure 4b in that they are nonmonotonic. The increase in the
slope at large-pixel sizes might be related to the level of dis-
connectedness of the stained preferential flow pattern, since
the increase is far less important after removal of the islands.
Also, the nonmonotonic behavior is exhibited more strongly
for the box-counting dimension than for the other two dimen-
sions (cf. Figure 13b). Nevertheless, the two curve shapes
shown in Figure 13b are typical, in that the slopes seem to tend
toward two as the pixel size decreases. This “limit” behavior is
common to virtually all 198 log-log plots.

5. Conclusions
In essence, the methods and algorithms used to generate

Figures 12, 13b, and 14 may be viewed as components of a
robust approach to the determination of fractal dimensions.

For the example illustrated in Plate 1, this approach leads to
the conclusion that the stain pattern has a dimension of two
and is therefore not a mass fractal. This is in direct contradic-
tion to the conclusion one might reach by using the traditional
approach, based solely on graphs like that of Figure 13a.
Clearly, the process of evaluating fractal dimensions of stain
patterns is much more involved than just fitting a straight line
to data points in a log-log plot. Even though the outcomes of
such linear regressions may be endowed with extremely high
statistical significance, this excellent fit appears misleading
upon closer scrutiny, at least in the case of the mass fractal
dimension of the stained preferential flow pattern analyzed
here, and using the methods (in particular, the off-the-shelf
code fd3) adopted in the present article.

The relevance of the results obtained in the present article
extends beyond the description of preferential flow pathways.
Every time the fractal dimension of an object or system is
evaluated via image analysis, whether the starting image is
produced with a camera or a computerized tomography scan-
ner, a strong dependence of the results on image resolution is
a possibility. In these cases, adoption of a robust approach, as
outlined in the present article, could help avoid misguided
conclusions. Use of this approach to evaluate the surface frac-
tal dimension of the stain pattern in Plate 1 is described in a
companion article [Ogawa et al., 1998].
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G. Défago, Importance of preferential flow and soil management in
vertical transport of a biocontrol strain of Pseudomonas fluorescens
in structured field soil, Appl. Environ. Microbiol., 62, 33–40, 1996.

Ogawa, S., P. Baveye, C. W. Boast, J.-Y. Parlange, and T. S. Steenhuis,
Surface fractal characteristics of preferential flow patterns in field
soils: Evaluation and effect of image processing, Geoderma, in press,
1998.

Parlange, J.-Y., T. S. Steenhuis, R. J. Glass, T. R. Richard, N. B.
Pickering, W. J. Waltman, N. O. Bailey, M. S. Andreini, and J. A.
Throop, The flow of pesticides through preferential paths in soils,
Food and Life Science Quarterly, 18, 20–23, 1988.

Perillo, C. A., S. C. Gupta, E. A. Nater, and J. F. Moncrief, Flow
velocity effects on the retardation of FD&C Blue no. 1 food dye in
soil, Soil Sci. Soc. Am. J., 62, 39–45, 1998.

Peyton, R. L., C. J. Gantzer, S. H. Anderson, B. A. Haeffner, and
P. Pfeifer, Fractal dimension to describe soil macropore structure
using X-ray computed tomography, Water Resour. Res., 30, 691–700,
1994.

Quisenberry, V. L., and R. E. Phillips, Displacement of soil water by
simulated rainfall, Soil Sci. Soc. Am. J., 42, 675–679, 1978.

Radulovich, R., and P. Sollins, Improved performance of zero-tension
lysimeters, Soil Sci. Soc. Am. J., 51, 1386–1388, 1987.

Radulovich, R., P. Sollins, P. Baveye, and E. Solorzano, Bypass water
flow through unsaturated microaggregated tropical soils, Soil Sci.
Soc. Am. J., 56, 721–726, 1992.

Rasiah, V., E. Perfect, and B. D. Kay, Linear and nonlinear estimates
of fractal dimension for soil aggregate fragmentation, Soil Sci. Soc.
Am. J., 59, 83–87, 1995.

Reeve, R., A warning about standard errors when estimating the frac-
tal dimension, Comput. Geosci., 18, 89–91, 1992.

Sollins, P., and R. Radulovich, Effects of soil physical structure on
solute transport in a weathered tropical soil, Soil Sci. Soc. Am. J., 52,
1168–1173, 1988.

Sposito, G., W. A. Jury, and V. K. Gupta, Fundamental problems in
the stochastic convection-dispersion model of solute transport in
aquifers and field soils, Water Resour. Res., 22, 77–88, 1986.

Steenhuis, T. S., J.-Y. Parlange, and S. A. Aburime, Preferential flow
in structured and sandy soils: Consequences for modeling and mon-
itoring, in Handbook of Vadose Zone Characterization and Monitor-
ing, edited by L. G. Wilson, L. G. Everett, and S. J. Cullen, pp.
61–77, CRC Press, Boca Raton, 1995.

Vecchio, F. A., G. Armbruster, and D. J. Lisk, Quality characteristics
of New Yorker and Heinz 1350 tomatoes grown in soil amended
with a municipal sewage sludge, J. Agric. Food Chem., 32, 364–368,
1984.

P. Baveye, Laboratory of Environmental Geophysics, Cornell Uni-
versity, 1002 Bradfield Hall, Ithaca, NY 14853. (e-mail: pcb2@
cornell.edu)

C. Boast, Department of Natural Resources and Environmental
Sciences, University of Illinois at Urbana-Champaign, 1102 South
Goodwin Avenue, Urbana, IL 61801.

S. Ogawa, J.-Y. Parlange, and T. Steenhuis, Department of Agricul-
tural and Biological Engineering, Cornell University, Riley-Robb Hall,
Ithaca, NY 14853.

(Received October 14, 1997; revised April 7, 1998;
accepted April 8, 1998.)

BAVEYE ET AL.: IMAGE RESOLUTION AND PREFERENTIAL FLOW IN FIELD SOILS2796


