
Nonlin. Processes Geophys., 14, 223–235, 2007
www.nonlin-processes-geophys.net/14/223/2007/
© Author(s) 2007. This work is licensed
under a Creative Commons License.

Nonlinear Processes
in Geophysics

Describing soil surface microrelief by crossover length and fractal
dimension
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Abstract. Accurate description of soil surface topography
is essential because different tillage tools produce differ-
ent soil surface roughness conditions, which in turn affects
many processes across the soil surface boundary. Advan-
tages of fractal analysis in soil microrelief assessment have
been recognised but the use of fractal indices in practice re-
mains challenging. There is also little information on how
soil surface roughness decays under natural rainfall condi-
tions. The objectives of this work were to investigate the
decay of initial surface roughness induced by natural rain-
fall under different soil tillage systems and to compare the
performances of a classical statistical index and fractal mi-
crorelief indices. Field experiments were performed on an
Oxisol at Campinas, S̃ao Paulo State (Brazil). Six tillage
treatments, namely, disc harrow, disc plow, chisel plow, disc
harrow + disc level, disc plow + disc level and chisel plow
+ disc level were tested. Measurements were made four
times, firstly just after tillage and subsequently with increas-
ing amounts of natural rainfall. Duplicated measurements
were taken per treatment and date, yielding a total of 48
experimental surfaces. The sampling scheme was a square
grid with 25×25 mm point spacing and the plot size was
1350×1350 mm, so that each data set consisted of 3025 indi-
vidual elevation points. Statistical and fractal indices were
calculated both for oriented and random roughness condi-
tions, i.e. after height reading have been corrected for slope
and for slope and tillage tool marks. The main drawback of
the standard statistical index random roughness, RR, lies in
its no spatial nature. The fractal approach requires two in-
dices, fractal dimension, D, which describes how roughness
changes with scale, and crossover length,l, specifying the
variance of surface microrelief at a reference scale. Fractal
parameters D andl, were estimated by two independent self-
affine models, semivariogram (SMV) and local root mean
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square (RMS). Both algorithms, SMV and RMS, gave equiv-
alent results for D andl indices, irrespective of trend removal
procedure, even if some bias was present which is in accor-
dance with previous work. Treatments with two tillage op-
erations had the greatest D values, irrespective of evolution
stage under rainfall and trend removal procedure. Primary
tillage had the greatest initial values of RR andl. Differ-
ences in D values between treatments with primary tillage
and those with two successive tillage operations were signif-
icant for oriented but not for random conditions. The sta-
tistical index RR and the fractal indicesl and D decreased
with increasing cumulative rainfall following different pat-
terns. Thel and D decay from initial value was very sharp
after the first 24.4 mm cumulative rainfall. For five out of six
tillage treatments a significant relationship between D and
l was found for the random microrelief conditions allowing
a covariance analysis. It was concluded that using RR orl

together with D best allow joint description of vertical and
horizontal soil roughness variations.

1 Introduction

Fractal geometry is a useful tool for the analysis of the to-
pography of different surfaces types and interfaces, includ-
ing rocks (Power and Tullis, 1991), soils (Huang and Brad-
ford, 1992; Davis and Hall, 1999; Vidal V́azquez et al., 2005,
2006), landscape (Pachepsky and Ritchie, 1998), earth-
atmosphere boundary layer (Keirsbulck et al., 2002) and in-
dustrial processed materials (Saitou et al., 2001; Klinger et
al., 2006). In the context of agricultural soils, interest of
assessing microtopography centres on the effect of surface
roughness on storage of rain water, runoff generation and
sediment production (Huang and Bradford, 1990; Hairsine
et al., 1992; Kamphorst et al., 2000; Darboux et al., 2002;
Darboux and Huang, 2005; Bertol et al., 2006). Accurate
description of soil surface microerelief is also essential for
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modelling erosive processes (Jetten et al., 1999; Favis-
Mortlock et al., 2000; Takken et al., 2001; Vidal Vázquez,
2002).

Agricultural practices induce an oriented roughness that is
characteristic to a specific tillage tool (Allmaras et al., 1966;
Huang, 1998). At the microplot scale, the spatial distribution
of aggregates and clods is referred to as the random rough-
ness (Allmaras et al., 1966). Common roughness assessment
of soil surface microrelief usually follow a standardized pro-
cedures based on the random roughness index (RR), which is
defined as the standard deviation among point elevation data
after removing effects of oriented roughness (Allmaras et al.,
1966; Currence and Lovely, 1970; Hansen et al., 1999). Geo-
statistical indices of roughness also have been proposed and
tested for their ability to characterize soil surface microrelief
(Linden and van Doren, 1986).

There are many ways in which the soil surface roughness
may be changed with natural or imposed causes. Soil tillage
may modify surface roughness by breaking large clods into
smaller ones and by introducing mounds, rips and furrows.
The amount of rainfall that reaches an uncovered soil surface
may also be an important factor that can cause changes in its
roughness. Usually microrelief features produced by tillage
will smooth out as the rainfall amount increases which in-
duces a decay of surface roughness as a function of cumula-
tive rainfall.

In standard random roughness assessment it is assumed
that microrelief vary continuously and smoothly from point
to point. However, it is well known that many physical
processes can operate on soil at different scales leading to
structures which can appear to vary in a fractal manner (e.g.
Armstrong, 1986; Miranda and Paz González, 2002; Vi-
dal Vázquez et al., 2005) or more probably like short-range
“multifractals” with a partition of fractal domains and dimen-
sions for different parts of the system, as recently suggested
(Burrough, 2001; Roisin, 2007). It is also reasonable to con-
sider that patterns of soil microrelief production and decay
are the result of processes acting together at different scales.
Consequently, variations may be expected over several levels
of scale and resolution.

Taken into account the monofractal approach, surface
roughness can be described using self-similar and self-affine
fractal models (Huang, 1998; Miranda, 2000). If a surface is
self-similar, a small portion of the surface, when magnified
isotropically, will appear statistically identical to the entire
surface. Thus, the term “fractal” is often taken to be syn-
onymous with “scale-invariance”, the well-known property
that many geologic and soil characteristics look the same at
all scales. However, for topography and surface roughness,
scale-invariance is rare. More commonly, the vertical and
horizontal axes of a surface scale at different rates. This be-
havior is called self-affinity.

At least two parameters are required to describe roughness
by a fractal model; one parameter typically describes how
roughness changes with scale, while the other specifies the

variance of surface microrelief at a reference scale. The two
fractal parameters commonly used for soil surface roughness
assessment are fractal dimension, D, and crossover length,l.
Fractal indices D andl account for the multiscale effects and
for the fluctuations of local vertical statistics, respectively
(Huang and Bradford, 1992; Eltz and Norton, 1997; Huang,
1998; Miranda, 2000; Vidal V́azquez et al., 2005).

The scales involved in relief or microrelief analysis repre-
sent an important aspect to consider for understanding natu-
ral or imposed processes modifying surface roughness. Per-
ception of soil surface topography depends on three main
components of the sampling design:

1) The size of the sampling unit, which is the surface area
of any particular measurement. Large sample units filter out
spatial variation occurring at scales finer than their size. On
the other hand, a small sampling unit is less representative
of the sampling station. Most of the available soil topogra-
phy data sets have been acquired at scales of about 1×1 m2

or even smaller (Eltz and Norton, 1997; Merril et al., 2001;
Vidal Vázquez et al., 2006).

2) The sampling interval defined as the distance between
neighbouring point elevation measurements. Advances in
surface roughness analysis have been driven by technologies
used for data acquisition. Profile record by pinmeter is a rel-
atively old but still rather common approach (Merril et al.,
2001; Vidal V́azquez, 2002; Vidal V́azquez et al., 2006) with
a grid resolution of the order of centimeters, whereas the res-
olution of non contact laser scanning, a technology available
since the 1980s, provides data sets with millimeter resolution
(Huang and Bradford, 1990; Huang, 1998).

3) The extent of the area being sampled, which determines
the broadest spatial process that can be accounted for. For
example spatial and temporal generation of overland flow
depends on processes triggered at large plot or catchments
level, whereas spatial correlation of soil structural units such
as aggregates or clods may be assessed at the small plot scale
(Darboux et al., 2002). Notice that increase in scaling may be
achieved using equipment with higher resolution or devices
providing point elevation data over larger areas (Merril et al.,
2001).

Although several investigations have reported fractal anal-
ysis of soil surface roughness in sampling units of variable
size at the milimetric (e.g. Huang and Bradford, 1992; Eltz
and Norton, 1997) and centimetric (e.g. Miranda 2000; Vi-
dal Vázquez et al., 2005, 2006) grid resolutions, assessment
of fractal roughness indices is more the exception than the
rule. Consequently the statistical standard roughness esti-
mation procedure is the most frequently used (Hansen et al.,
1999; Kamphorst et al., 2000). Advantages of fractal anal-
ysis in soil microrelief assessment have been recognised but
the use of fractal indices in practice remains challenging. The
difficulties may lie in the relatively small sensitivity of the
fractal dimension index, D, to characterize differences in soil
tillage treatments when compared with other indices, for ex-
ample RR orl. Moreover, most of the microrelief data series
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Table 1. Summary of tillage treatments and cumulative rainfall (mm) corresponding to field measurements of surface roughness.

Tillage treatment
Disc plow Disc harrow Chisel plow Disc plow Disc harrow Chisel plow

+ levelling + levelling + levelling

0 0 0 0 0 0
24.4 24.4 24.4 24.4 24.4 24.4
113.8 120.9 120.9 232.8 232.8 232.8
232.8 232.8 232.8 294.6 294.6 294.6

analyzed by fractal techniques have been acquired by high-
resolution devices, like laser scanner, at the 1 to 2 mm scale.
This notwithstanding, in a previous work (Vidal Vázquez et
al., 2006) it was also shown that the fractal approach was use-
ful for characterizing soil random roughness of initial tilled
surfaces as depicted by low technology devices such as pin-
meter.

Soil surface roughness decay under natural rainfall condi-
tions has been studied little. The main purpose of this work
were to investigate the decay of initial surface roughness in-
duced by natural rainfall under different soil tillage systems
and to analyze the relevancy of the fractal approach for data
sets acquired by pinmeter on a cultivated Oxisol.

2 Material and methods

2.1 Soil, site and tillage operations

Field data for the present study were obtained at the experi-
mental station of Agronomical Institute of Campinas (IAC),
in São Paulo, Brazil. The experimental site is located at
22◦53′ S and 47◦04′ W, at an average altitude of 600 m above
sea level. The mean annual rainfall at the study site is ap-
proximately 1380 mm, from which about 1050 correspond to
the rainy season lasting from October to March during austral
summer.

The soil was classified as an Oxisol (Soil Survey Staff,
1993), equivalent to a “Latossolo Vermelho Eutroférrico
tipico” (EMBRAPA, Brazilian Soil Classification System,
1999). The topsoil (0–20 cm depth) was clay textured (41%
sand, 8% silt and 51% clay), organic carbon content was 3.79
% and it had an slowly acid pH (pHH20=5.9 and pHKCl=5.5).

Field microrelief measurements were made by means of a
pinmeter between October and November 2000, at an exper-
imental site with 5.10% slope. A total of 48 data sets were
obtained corresponding to six tillage treatments, two repli-
cations per treatment and four successive dates. The initial
measurement was performed just after tillage, i.e. before any
rain, and the other three were taken subsequently with in-
creasing cumulative amounts of natural rainfall. The three
primary tillage treatments studied were disc plow, disc har-
row and chisel plow, with cumulative natural rains of 0, 24.4,

113.3 (for disc plow), 120.9 (for disc harrow and chisel plow)
and 232.8 mm. Besides these, the following treatments with
two tillage operations were also assessed: disc plow plus lev-
eling disc, disc harrow plus leveling disc, chisel plow plus
leveling disc with cumulative natural rains of 0, 24.4, 232.8
and 294.6 mm. Table 1 summarizes tillage treatments and
cumulative rainfall for all measured surfaces. Note that cu-
mulative rain by the third and fourth sampling dates varied
between tillage treatments. This was because of the small
length of the dry period intervals between two consecutive
rain events following typical rain patterns of the austral sum-
mer in S̃ao Paulo State, Brazil.

2.2 Field data sets

Each of the 48 data sets consisted of point elevation mea-
surements recorded by pinmeter (Wagner and Yiming Yu,
1991) with horizontal and vertical resolutions of 25 mm
and 0.01 mm respectively and a vertical range of approxi-
mately 400 mm. The sampling scheme was a square grid of
25×25 mm and the total plot area was 1350×1350 mm. Thus
each 1350 mm experimental profile consisted of 55 point el-
evation data and 55 profiles per plot were taken, yielding a
total of 3025 data points per measurement.

Manual pinmeters are destructive devices. Thus different
plots were used for microtopography measurements at in-
creasing amounts of cumulative rainfall in successive dates.
Within each tillage treatment, experimental plots were lo-
cated as close as possible to minimize the effect of spatial
variability between them. However, this procedure intro-
duces some bias in assessing temporal decay of soil surface
roughness per treatment. In other words, a microrelief sam-
pled in a given plot at a given date does not follow faithfully
the characteristics of a microrelief that has been sampled on
a different plot at a different date. Thus, even though two sets
of measurements were taken for each combination of tillage
treatment and cumulative rainfall, they are not considered in
this analysis as replications, but rather, as two independent
measurements for each situation.

Trends due to plot slope and slope + agricultural prac-
tices, were removed by a standard procedure (Currence and
Lovely, 1970). Between the methods described by these
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Fig. 1. Examples of random microrelief for different tillage condi-
tions and cumulative rainfall amounts.

authors the fourth and the fifth were used, which allows dis-
tinguishing between oriented and random roughness, respec-
tively. The oriented roughness condition results from cor-
rection for slope using the plane of best fit for each plot and
it is thought to include periodic effects due to tillage. Ran-
dom roughness condition is considered to be associated to
disordered microrelief initiated by the random disposition of
aggregates and clods on the soil surface and was obtained af-
ter removing of row and column trend effects (Huang, 1998;
Vidal Vázquez, 2002; Vidal V́azquez et al., 2005). The con-
figuration of soil topography was single described by a set
of points of known x-, y- and z-coordinates. The elevation
values given as a function of the horizontal coordinate sys-
tem provide a numerical representation of the surface and
constitute a digital elevation model (DEM). From each ex-
perimental data set of topography two DEMs were obtained,
representing the oriented and the random roughness condi-
tion. Examples of DEM for the study treatments, conven-
tional and direct drilling, are shown in Figs. 1 and 2, respec-
tively. These plots were drawn with an identical scale factor
to provide a realistic view of the soil surface microrelief and
of its changes with time.

2.3 Statistical and fractal roughness indices

In this study three different roughness indicators have been
assessed, a classical index, RR (Random Roughness) de-
scribing vertical statistics, and two fractal indices, fractal di-
mension, D, and crossover length,l. Random roughness is
estimated simply as the standard deviation of the individual
point data. Calculations were performed in both, oriented
and random data sets after correction of the original point
elevation measurements as before described.

From a review of methods proposed to estimate fractal
indices D andl from soil topography surfaces or transects,
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Fig. 2. Roughness semivariance (SMV) and root-mean-square
(RMS) functions versus scale, before and after tillage marks trend
removal. Before trend removal: DSMV=2.68, DRMS=2.69; after
trend removal: DSMV=2.69, DRMS=2.69.

(Miranda, 2000; Miranda and Paz González, 2002; Vidal
Vázquez, 2002; Vidal V́azquez et al., 2005), it follows that
results may show a wide variability depending on the as-
sumptions made in formulating the fractal model used and
the resulting algorithm. Taking into account that roughness
is better described by a self-affine or by prefactal models,
typically D andl estimates may be obtained from two algo-
rithms, i.e. semivariance and root-mean-square. Both meth-
ods are based on the calculation of the Hurst exponent, H,
from which the fractal dimension and crossover length are
assessed.

The use of semivariogram for estimating fractal dimension
of soil transects was first introduced by Armstrong (1986)
and later on applied to various surface types (Carr and Ben-
zer, 1991; Bolviken et al., 1992) including agricultural soils
(Huang and Bradford, 1992).

The first step in the estimation of the fractal dimension,
DSMV, is the calculation of the experimental semivariogram,
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which is defined as:

γ ∗(h) =
1

2N(h)

i=1∑
N(h)

[Z(xi +h) − Z(xi) ]
2 (1)

Whereγ (h) is the semivariance,h is the lag distance between
points,Z(x) is the elevation at locationx andN(h) is the
number of pairs considered. Equation (1) gives a relationship
between a variance termγ (h) based on elevation difference
and the separation length,h.

For a fractal transect the variogram, according to Mandel-
brot (1983, p 353) follows the equation:

γ (h) = Kh2H (2)

Where the exponent of the incremental function, H, is the
Hurst exponent. The power model that describes a self-
similar fractal corresponds to a phenomenon with an unlim-
ited capacity for spatial dispersion and with an undefined a
priori variance.

Assuming a fractal Brownian motion (fBm) model, the
Hurst exponent,H , is allowed to vary from 0 to 1 (Huang
and Bradford, 1992). In this case, the log–log behavior of
the semivariogram may be described as a function of the
crossover length,l, and the Hurst exponent, H, as:

γ (h) = l1−H hH (3)

Thus, the fractal dimension of a fractal surface or profile rep-
resented by its semivariogram can be estimated by examin-
ing the slope of the semivariance,γ (h), versus the lag dis-
tance,h, when plotted on a double logarithmic scale. Once
the Hurst exponent,H , is obtained by Eq. (3), the fractal di-
mension,DSMV, of a soil surface is computed from these and
the Euclidean dimension (d=3) as:

DSMV = 3 − H (4)

Finally, as described by Huang and Bradford (1992), the
crossover length,l, may be estimated by:

lSMV = exp[(a/2 − 2H)] (5)

Where,a, is the intercept of the straight line of the RMS plot
at the y-axis.

Fractal indices D andl were also calculated from the av-
erage deviation around the mean elevation value (RMS) of
all points located inside a square window with sizeh. Root-
mean-square may be estimated in different ways, both for
profiles and surfaces (Malinverno, 1990; Gallant et al., 1994;
Moreira and Da Silva, 1994). Average values of RMS, de-
noted asW(h)for different scale ranges h, were computed
according to the algorithm:

W(h) =
1

Nh

Nh∑
u=1

{
1

mh

∑
i∈h

[
Z(xi, yi) − Zh

]2

}1/2

(6)

Where, Nh is the total number of windows of sizeh, mh is
the number of points in a window of sizeh, Z(xi , yi) are

data point elevations regularly spaced over surface andZh

represents the average elevation value for all points in the ith

window.
Windows of the same size are situated all over the sur-

face, the RMS for each one is calculated and then the aver-
age value of all obtained. This procedure is then repeated
with windows of different sizes. Assuming fractal behavior,
the slope of the log-log plot of the structural function,W(h),
versus the scale,h, gives an estimation of the Hurst exponent,
H.

When using a fractal Brownian motion model, the straight-
line portion of the functionW(h)versus distanceh, near the
origin may be described by the crossover length and the frac-
tal dimension as:

W(h) = l1−H hH (7)

Again, the fractal dimension, DRMS, of the soil surface is
obtained from the Hurst exponent and the Euclidean dimen-
sion d=3 according to the corresponding equation similar
to Eq. (4), whereas crossover length,lRMS, is derived from
the structural function,W(h) with an expression similar to
Eq. (5).

3 Results and discussion

3.1 Parameter estimation

Examples of the structural functions semivariance,γ (h), and
root-mean-square,W(h),for roughness plotted on a double
logarithm scale are graphed in Fig. 2. Both curves show
a straight-line portion of the variogram and the root-mean-
square functions with a steep slope at short lag distances and
then a second portion with a gentle slope for the longest lag
distances. The first straight line portion of the structural func-
tionsγ (h) andW(h) is quantified by the self-affine model.

For both the oriented and the random roughness condi-
tions of all the studied surfaces, the first portion of the struc-
tural functionsγ (h) andW(h)in a log-log diagram, showed
a similar trend indicating the existence of a correlation. For
large lag distances, after break in scale, the relationship be-
tween the log of the structural functionsγ (h) andW(h), and
the log of distance becomes typically non-linear for surfaces
with oriented roughness, whereas for the random roughness
condition shows a tendency to be linear; a weak correlation
between structural function and distance may persist or may
be absent. Thus, stable estimates of fractal indices were ob-
tained only from the first segment of the structural functions
γ (h) and,W(h) before the scale break in slope. A fractal
roughness which spectrum will be limited at low frequencies
is an expected result, since the break in scale is mainly related
to the size of the structural units at the soil surface and is in
accordance with previous works on soil surfaces recorded by
pinmeter (Miranda, 2000; Vidal V́azquez et al., 2005, 2006)
and by laser scanning (Huang and Bradford, 1992; Eltz and
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Norton, 1997; Davis and Hall, 1999; Vidal Vázquez et al.,
2005).

The lower limits of the range of fractal self-affinity were
quite constant for each of the two algorithms used in com-
puting fractal indices, so that they were estimated at 30 and
50 mm when estimated by semivariogram and root-mean-
square functions respectively. Notice also that the concept
of fractal dimension is only properly defined when using an
asymptotic limit to infinitely small length. As expected, the
lower cutoff of the fractal regime described by theγ (h) struc-
tural function, i.e. 30 mm is of the same order of magnitude
than the grid horizontal resolution, i.e. 25 mm. Differences
between the lower cutoff estimated by SMV and RMS meth-
ods are explained by the fact that the first lag of the semi-
variogram was calculated for a distance equivalent to a grid
spacing, whereas the first point of the root-mean-square func-
tion was computed for a larger initial window size. In con-
trast the upper limit of the fractal regime showed a wider
range of variation. For surfaces with oriented roughness the
upper cutoff was between 82 and 360 mm when estimated
from the semivariogram and between 150 to 900 mm when
using the root-mean-square function. The fact that the scale
break consistently is somewhat further away on calculations
are performed by the RMS algorithm is an expected result.
The order of magnitude at which scales breaks, when using
the SMV function approximately matches the characteristics
size of the larger clods on the soil surface. The scale at which
the fractal dimensions change has been considered a param-
eter of considerable interest and has been referred to as the
correlation length (Vidal V́azquez, 2002; Miranda and Paz
Gonźalez, 2002; Vidal V́azquez et al., 2006).

In each of the studied surfaces, the ratio between the upper
(l2) and the lower (l1) cutoff (l2/l1) of the structural functions
W(h) andγ (h) largely exceeds 21/D, which is the minimal
condition to accept an experimental D value over a range of
fractal self-affinity.

Table 2 lists mean values and errors of fractal dimension;
DRMS, and crossover length,lRMS, estimated by the root
mean square algorithm for each of the 48 random surfaces,
together with mean values of the RR index used as a refer-
ence. The coefficients of correlation for the straight-line por-
tion of the structural functionW(h) were between 0.990 and
0.999. The number of couples of data of the structural func-
tion, W(h) versus the scale used in the linear regression var-
ied between 6 and 20. The errors in estimating DRMS varied
between 0.0018 and 0.0112, whereas absolute errors in esti-
matinglRMS ranged from 0.023 to 0.608. When taking into
account relative values the magnitude of errors in estimating
lRMS for the surfaces with random microrelief results lower
than 10% of the absolute value. Relative errors of DRMS es-
timates were much lower.

When using the semivariogram algorithm, the coefficients
of correlation for the straight-line portion of theγ (h) struc-
tural function were between 0.991 and 1.000 for the random
roughness condition of the 48 surfaces. Linear regressions

betweenγ (h) and scale were calculated with couples of data
ranging from 4 to 14. DSMV was estimated with larger errors
than DRMSin the range from 0.004 to 0.044, whereas errors
in estimatinglSMV ranged from 0.039 to 0.111, also larger
than the correspondinglRMS errors (data not shown).

Likewise, the straight line portion at short lag distances of
theW(h) andγ (h) structural functions of the surfaces with
oriented roughness induced by agricultural practices were fit-
ted by linear regression with scale, being the coefficients of
correlation in the range from 0.998 to 0.999 and from 0.986
to 0.999 respectively. For this type of surfaces, also errors in
estimatinglRMSlSMV, were lower than those corresponding
to DRMS and DSMV. The estimates of fractal dimension and
crossover length obtained by the semivariogram and root-
mean-square algorithms are graphed in Fig. 3. In this graph
both surfaces with conditions of oriented and random rough-
ness are compared, yielding a total of 84 couples of data for
D andl fractal indices.

Coefficient of correlation between fractal dimension val-
ues estimated by RMS and SMV algorithms was as high as
r2=0.933. This notwithstanding, there is some bias between
results obtained by both estimation methods, so that when
D approaches 2.5 or it is lower, values obtained with the
RMS method are higher than those resulting from SMV al-
gorithm, whereas when D approaches 2.9 the opposite is true
and SMV values show a tendency to be higher.

Fractal dimension estimated by the semivariogram
method, DSMV, after corrections for slope (oriented rough-
ness), was between 2.326 and 2.889 and after correction
for slope and agricultural marks (random roughness) was
between 2.618 and 2.919. When estimations were made
with the root-mean-square method DRMS values ranged from
2.429 and 2.843 for oriented roughness and from 2.650 and
2.869 for random roughness condition. Thus, when agricul-
tural marks are removed (random roughness) values of frac-
tal dimension increase, irrespective of tillage treatment and
calculation method. Moreover, for the oriented roughness
condition D values may be persistent (D<2.5) or antiper-
sistent (D>2.5), whereas all D values for random surfaces
clearly are antipersistent (D>2.5). Higher values of D indi-
cate a more rugged surface, with variation occurring mostly
at finest scale.

Crossover length values estimation by the semivariogram
and the root-mean-square method,lSMV and lRMS, respec-
tively produced also close results, being the correlation co-
efficient r2=0.976. However, some bias was also apparent
(Fig. 3) in that the crossover length values estimated by the
root-mean-square methodlRMS were lower than those esti-
mated from the semivariogram structural function,lSMV.

Like RR, the crossover length,lRMS or lSMV also char-
acterizes vertical variations of soil roughness. For the ran-
dom roughness condition, the mean crossover length esti-
mated by the root-mean-square algorithm was 3.574 mm and
the minimum and maximum were 1.160 and 12.156 mm,
respectively. When using the semivariogram function for
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Fig. 3. Comparison of fractal dimension, D, and crossover length, l, values estimated by semivariogram (SMV) and root-mean-square (RMS)
algorithms.

this roughness conditionlSMV values were: mean 4.763 mm,
minimum 1.266 mm and maximum 14.694 mm.

The above results clearly indicate a larger variation in
scale of the crossover length,l, when compared with the
fractal dimension, D. This reinforces the relevancy of the
crossover length parameter,l, as a discriminator of vertical
differences in roughness. In surface roughness quantification
the fractal dimension, D, can be taken as a relative measure
of the distribution of different sized structural elements on
the soil surface (Huang, 1998). In this context, it should be
stressed, that fractal dimension is a descriptor of horizon-
tal variations of soil roughness, which implies that it has to
be considered in connection with an index describing differ-
ences in roughness height (Huang 1998; Vidal Vázquez et
al., 2006).

All the studied microrelief data sets exhibited self-affine
properties at a limited range of scales. Consequently, de-
scription of soil surface roughness as a stationary random
variable is inadequate at least at the microplot scale. Sta-
ble estimates of the two fractal indices, fractal dimension, D,
and crossover length,l, were obtained by two different algo-
rithms, semivariogram and root-mean-square. Thus, the use
of fractal indices should improve the characterization of soil
surface microrelief obtained from a single parameter, such as
the classical RR indicator.

In our work, spatial correlation at scales smaller than a
few centimeters was found on both, oriented and random
structural features. This is in accordance with several pre-
vious studies showing that random roughness was correlated
at short distances (millimeters to decimeters) and that above
this distance correlation tends to disappear (Linden and van
Doren, 1986; Huang and Bradford, 1992; Huang 1998, Mi-
randa, 2000; Miranda and Paz González, 2002; Darboux and
Huang, 2005). The relationship between aggregates and/or
clods size and range of spatial correlation was well illustrated
by Vidal Vázquez et al. (2005). This work showed milimetric

spatial correlation for artificial surfaces constituted by small
aggregates prepared under laboratory conditions and centi-
metric spatial correlation for field surfaces with large clods
resulting from different tillage practices.

3.2 Rainfall and tillage effects on fractal indices

Mean values for the statistical index RR as well as the frac-
tal indices D andl for treatments with primary tillage versus
treatments with two successive tillage operations are shown
in Fig. 4. Graphed values are those estimated by RMS al-
gorithm, DRMS and lRMS, after correction for agricultural
marks, i.e. random surface conditions. Table 2 lists RR, D
and l estimations for each of the 48 studied surfaces with
random features. Treatments with primary tillage exhibited
higher values of the vertical roughness component, according
with RR andlRMS indices at the initial state (0 mm rain). This
is an expected result, since the second tillage operation with
a levelling disc reduces microrelief height. Prior to any rain,
the rank of RR andlRMS values both in the primary tillage as
well as in treatments with two tillage operations was as fol-
low: disk plow> disk harrow> chisel plow, had the great-
est. Between treatments of these two groups of surfaces there
were some overlaps regarding RR andlRMS values.

Overall, RR andlRMS decreased with increasing rainfall, in
such a way that difference between treatments with primary
tillage and with two successive operations continued to be
apparent along the successive stages of roughness decay by
cumulative rainfall.

Both RR andlRMS exhibited a clear trend to decrease when
graphed versus rainfall amount, but RR values changed more
slowly thanlRMS values. Mean values of the fractal indices,
lRMS and DRMS exhibit a rapid decrease from the reference
initial state, to the subsequent state assessed after 24.4 mm
cumulative rainfall. Thus the first rainfall event induced large
microtopography roughness decay. Thereafter, increased
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Table 2. Calculated values of statistical (RR) and fractal indices (D anl) for surfaces with random roughness using the RMS algorithm as a
function of cumulative rainfall and tillage treatment.

Plot Cumulative rainfall (mm) RR
(mm)

D Standard error l

(mm)
Standard error r

Disc harrow
1 0 15.38 2.807 0.010 7.69 0.61 0.994
2 0 17.21 2.797 0.006 8.32 0.45 0.996
3 24.4 14.88 2.709 0.007 3.42 0.21 0.997
4 24.4 17.62 2.727 0.008 3.24 0.23 0.996
5 113.3 10.62 2.690 0.008 2.09 0.14 0.997
6 113.3 12.65 2.665 0.002 1.40 0.02 1.000
7 232.8 11.99 2.700 0.010 2.86 0.23 0.997
8 232.8 9.01 2.748 0.009 2.33 0.16 0.996
Disc plow
9 0 21.09 2.796 0.005 10.32 0.45 0.997
10 0 23.41 2.827 0.006 12.16 0.67 0.994
11 24.4 20.74 2.656 0.008 3.81 0.32 0.996
12 24.4 18.58 2.676 0.008 3.61 0.28 0.996
13 120.9 16.99 2.667 0.009 3.01 0.24 0.996
14 120.9 14.24 2.663 0.010 2.87 0.26 0.997
15 232.8 14.69 2.664 0.007 1.97 0.11 0.998
16 232.8 14.24 2.650 0.006 1.98 0.11 0.998
Chisel plow
17 0 11.83 2.848 0.008 6.43 0.41 0.993
18 0 11.29 2.863 0.009 6.80 0.43 0.992
19 24.4 8.62 2.725 0.013 1.96 0.19 0.994
20 24.4 9.47 2.727 0.006 2.06 0.09 0.998
21 120.9 8.97 2.768 0.004 2.35 0.08 0.998
22 120.9 8.41 2.751 0.004 2.41 0.08 0.999
23 232.8 10.35 2.671 0.008 1.71 0.12 0.997
24 232.8 8.60 2.821 0.011 3.20 0.26 0.988
Disc harrow + disc level
25 0 12.42 2.846 0.008 6.69 0.40 0.994
26 0 10.74 2.853 0.009 5.64 0.39 0.990
27 24.4 9.72 2.750 0.010 2.20 0.16 0.994
28 24.4 11.58 2.729 0.005 2.16 0.08 0.998
29 232.8 8.02 2.719 0.010 1.75 0.12 0.997
30 232.8 8.96 2.726 0.003 1.93 0.05 0.999
31 294.6 6.58 2.703 0.006 1.19 0.05 0.999
32 294.6 9.91 2.736 0.006 1.68 0.08 0.997
Disc plow + disc level
33 0 15.60 2.869 0.009 9.25 0.65 0.989
34 0 14.51 2.812 0.006 6.40 0.33 0.995
35 24.4 10.48 2.735 0.011 2.71 0.23 0.995
36 24.4 10.59 2.781 0.012 3.47 0.32 0.991
37 232.8 7.32 2.738 0.003 1.49 0.03 0.999
38 232.8 7.65 2.770 0.012 1.82 0.15 0.993
39 294.6 7.28 2.730 0.003 1.17 0.03 0.999
40 294.6 11.38 2.686 0.005 1.52 0.07 0.998
Chisel plow + disc level
41 0 10.36 2.840 0.010 5.01 0.38 0.990
42 0 14.51 2.807 0.006 6.31 0.32 0.996
43 24.4 10.79 2.742 0.010 2.41 0.18 0.995
44 24.4 10.56 2.778 0.014 2.77 0.29 0.990
45 232.8 6.97 2.803 0.004 2.21 0.07 0.997
46 232.8 6.03 2.754 0.005 1.41 0.05 0.998
47 294.6 3.76 2.818 0.003 1.16 0.03 0.998
48 294.6 8.83 2.788 0.003 1.21 0.02 0.999

amounts of natural rain showed a tendency to further de-
crease mean RR andlRMS values, but to a much lesser extent
as during the first rainfall event. In the primary tillage treat-
ments RR decayed by 90% from its initial values with the
first 24.4 mm rainfall and by 69% with 232.8 mm cumulative
rainfall. In contrast,lRMS decayed by 37 and 30% of its orig-
inal value with 24.4 and 232.8 mm respectively.

Treatments with two tillage operations showed a similar
tend of roughness decay characterised by a rapid decrease of
initial roughness with the first rainfall event followed by a
more slowly phase. Changes of initial reference roughness
induced by rainfall were smaller in treatments with an addi-
tional levelling operation than in primary tillage treatments.
cumulative rain increased.
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Fig. 4. Random roughness, RR, fractal dimension, D, and crossover length,l, as a function of cumulative rainfall for contrasting tillage
treatments, primary tillage and primary tillage + levelling.

Another result concerns the variation of the fractal di-
mension, D, with increasing cumulative rainfall, show-
ing clearly a decrease from its initial value after the first
event with 24.4 mm rain (Fig. 4). Thereafter changes in D
values versus cumulative precipitation are not statistically
significant. Notice also the relatively high coefficients of
variation of D values within each group of tillage treat-
ments, i.e. primary tillage or two successive tillage opera-
tions. Moreover, decay of D index is very small, when com-
pared with crossover length,l, and both in absolute and rela-
tive terms. For the primary tillage treatments D decayed only
by 94% from its initial values with the first 24.4 mm rainfall
and by 95% with 232.8 mm cumulative rainfall; similar re-
sults were obtained for the group of surfaces with an addi-

tional levelling tillage operation. It is widely accepted that
soil roughness can either decrease or increase during rainfall,
depending on both the surface initial condition and processes
occurring on that surface. Surface sealing processes tend
to reduce soil roughness, whereas erosion processes tend to
increase roughness because of rill formation (Huang, 1998;
Darboux et al., 2002). Since these processes occur simulta-
neously, with one or the other dominating at different spatial
locations, the net result may affect the rate of change of sur-
face roughness during rainfall. Eltz and Norton (1997) con-
ducted field experiments using simulated rain under fallow
and soybeans. They also found that the decrease in roughness
as measured by thel index was very rapid in the first stages,
after which it changed very slowly and reported a similar
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Table 3. Roughness statistical (RR) and fractal indices (l, D) for different conditions of natural rain and tillage. Data from surfaces with
oriented and random roughness (values followed by the same letter do not differ statistically, p=0.01). Cumulative rainfall: 0 mm.

RR lSMV (mm) lRMS (mm) DSMV DRMS

Oriented roughness
Primary tillage 26.18 A 9.95 A 7.72 A 2.70 A 2.71 A
Two tillage operations 15.10 B 9.01 A 6.83 A 2.86 B 2.82 B
Random roughness
Primary tillage 16.70 A 11.03 A 8.62 A 2.85 A 2.83 A
Two tillage operations 13.02 B 8.31 B 6.55 B 2.86 A 2.84 A

Table 4. Cumulative rainfall: 232.8 mm.

RR lSMV (mm) lRMS (mm) D SMV D RMS

Oriented roughness
Primary tillage 19.55 A 2.85 A 2.11 A 2.57 A 2.60 A
Two tillage operations 12.97 B 2.76 A 1.86 A 2.71 B 2.69 B
Random roughness
Primary tillage 11.48 A 3.31 A 2.34 A 2.71 A 2.71 A
Two tillage operations 7.49 B 2.61 B 1.77 B 2.77 A 2.75 A

trend of RR decay as found in our work. D values however
decreased before starting to increase. On a laboratory exper-
iment Huang (1998) found that fractal dimension, D, exhib-
ited increasing or decreasing trends after raining depending
on slope, thus on the importance of erosive processes. Thus,
previous works support the different variation pattern of RR,
l and D indices under rainfall conditions.

Table 3 lists mean values of the statistical index RR and
two fractal indices,l and D per surface condition (oriented or
random), per tillage type for two contrasting conditions: ini-
tial conditions (i.e. just after tillage before rain) and for a cu-
mulative natural rainfall of 232.8 mm. The second stage rep-
resents a degraded soil surface. Irrespective of tillage treat-
ment and microrelief condition (oriented or random) RR,l

and D decreased as
As expected, indices describing the vertical component

of roughness, RR andl decreased from oriented to random
condition. In contrast, mean D increased after removal of
agricultural tillage marks. Again soil surfaces with random
microrelief condition look smoother and more rugged than
those with oriented microrelief.

Treatments with primary tillage exhibited mean RR and
l values higher and mean D values lower than treatments
with two successive tillage operations. Surfaces with two
successive tillage operations are smoother and more rugged
than those with primary tillage, which means that the second
tillage operation produces mainly variations at finest scales,
resulting in more contrast in point elevation distributions.

In spite of the usefulness of the fractal approach for soil
microrelief characterization, differences on the vertical com-

ponent of soil surface roughness between one single or two
successive tillage operations were better discriminated by RR
than byl index (P<0.01). As a matter of fact, for oriented
roughness conditions crossover length,l, statistics poorly
discriminates between the two kinds of field surfaces in this
study. This was irrespective of soil surface evolution stage,
i.e. initial state or staged degraded by rainfall.

Furthermore, when the random roughness condition is
considered, both RR andl values at the initial state and af-
ter 232.8 mm rainfall are significantly different for these two
groups of soil surfaces with contrasting tillage. This means
that the sensitivity ofl to describe the vertical component of
roughness decay is lower than those of RR when the initial
and a degraded state are compared. Thus on this type of sur-
faces, the crossover length index,l, behaves only as a very
sensitive indicator of roughness decay during the first stages
of soil surface evolution and as soil degradation by rainfall
progresses RR discriminates better thanl.

On the other hand in surfaces with oriented microre-
lief, fractal dimension, D, values allowed discrimination be-
tween primary tillage and two successive tillage operations.
In opposite, D differences were not statistically significant
(P<0.01) when these two contrasting treatments were com-
pared for the random microrelief condition. This is in accor-
dance with results obtained by Vidal Vázquez et al. (2006)
in a comparison of direct drilled and conventional tilled soil
surfaces.

Also note that oriented roughness is characteristic of a spe-
cific tillage tool and the periodic patterns induced by each
tool are relatively easy to quantify by a single geometric
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value. However, spatial patterns of distribution of aggre-
gates and clods conforming random microrelief appeared to
be more difficult to quantify.

3.3 Covariance analysis of vertical and horizontal rough-
ness components

The RR indicator, irrespective of cumulative rainfall amount,
best assesses differences between tillage treatments, i.e. soil
surface evolution stage. The main drawback of the standard
statistical index random roughness lies in its no spatial na-
ture. The monofractal approach yields two indices, fractal
dimension, D, and crossover length,l, and the first one be-
ing the less sensitive to microrelief changes due to tillage
or induced by cumulative rainfall. These results illustrate
the reason why the use of fractal indices in practice remains
challenging.

The sensitivity of a given index, however, may increase
in cases where a statistically significant dependence with a
second auxiliary variable occurs. In a previous work (Vidal
Vázquez et al., 2006) a covariance analysis using crossover
length,l, as a secondary variable improved the sensitivity of
D for describing differences in tillage for random microre-
lief conditions. Next, the usefulness of covariance analysis
between D andl will be examined.

In the random roughness condition, for five out of six
different tillage treatments, crossover length,lRMS, and
fractal dimension, DRMS, values estimated for the five out of
six individual tillage treatments were significantly correlated
(P<0.01), the exception being the chisel + levelling tillage
treatment (Fig. 5). The following relationships between
DRMS andlRMS were obtained by regression analysis:

Disc ploughing D = 0.019l + 2.61; R2 = 0.98
Harrowing D = 0.018l + 2.66 R2 = 0.82
Chisel ploughing D= 0.029l + 2.67 R2 = 0.78
Disc ploughing + levelling D = 0.028l+ 2.68 R2 = 0.95
Harrowing + levelling D = 0.018l + 2.70 R2 = 0.83

Chisel ploughing + levelling no significant relationship be-
tween D andl

Note that these significant correlations are an expected re-
sult from equations (3) and (7) relating crossover length,l,
with structural SMV,γ (h), and RMS W(h) functions to the
Hurst exponent, H.

The above relationships betweenl and D were also sig-
nificant (P<0.05) for calculations performed by the SMV
method. Thus, within each treatment, as the surface rough-
ness increases, the fractal dimension, D, also tends to in-
crease. Different fractal dimension, D, and crossover length,
l, values were associated with different soil tillage systems.
For example in the primary tillage treatments harrowing had
a pattern of scaling that was intermediate between disc plow-

Fig. 5. Relationship between crossover length,l, and fractal dimen-
sion, D, for five different tillage treatments.

ing and chiseling. This is also in accordance with visual ob-
servations of microrelief.

Taken into account the correlation betweenl and D an
analysis of covariance was performed. Using the crossover
length,l, as a secondary variable, D values of the study treat-
ments were significantly different (P<0.01). Overall, us-
ing two fractal indices together, fractal dimension, D, and
crossover length,l, allows reducing the ambiguity in char-
acterizing soil surface roughness by a single index related to
the altitude differences. The estimates of fractal dimension
and crossover length provide summary information on the
effect of rainfall and tillage on soil surface roughness. Al-
ternatively a combination of RR and D indices could be used
for characterizing vertical and horizontal configuration of the
soil surface, respectively.

Furthermore, the usefulness of the multifractal approach
for characterizing soil surface roughness deserves further re-
search. The recent application of multifractal analysis to data
sets with a relatively small number of point data measured on
a grid (Roisin, 2007) is encouraging.
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4 Conclusions

Soil surfaces with both, oriented and random structural fea-
tures showed spatial correlation at scales smaller than a few
centimeters. Stable estimates of two fractal indices, fractal
dimension, D, and crossover length,l, were obtained by two
different algorithms, semivariogram and root-mean-square.

Changes of initial roughness induced by rainfall were
smaller in treatments with an additional levelling operation
than in primary tillage treatments. Mean values of random
roughness, RR, crossover length,l, and fractal dimension,
D, measured immediately after tillage rapidly decreased with
the first rainfall event. Crossover length,l, was the index
showing a larger decay during this initial surface degradation
stage. However, during successive rainfall eventsl decreased
more slowly. Changes in D values versus cumulative precip-
itation were lower, both in absolute and relative terms.

For the studied data set, the statistical index random rough-
ness, RR, allows a better discrimination of the effect of
tillage on the vertical component of soil microtopography
than the fractal index crossover length,l. Use of random
roughness, RR, or crossover length,l, together with fractal
dimension, D, allow a joint description of vertical and hori-
zontal soil roughness variations and provides the best suited
characterization of soil surface microrelief. Description of
roughness features by a single parameter accounting for the
vertical component has proven to be inadequate.
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Miranda, J. G. V. and Paz González, A.: Fractal models for the de-
scription of soil surface roughness, in: Man and Soil at the Third
Millenium, edited by: Rubio, J. L., Morgan, R. P. C., Asins, S.,
and Andreu, V., Geoforma Ediciones, Logroño (Spain), 2099–
2112, 2002.

Moreira, J. G. and Da Silva, K. L.: On the fractal dimension of
profiles, J. Phys. A., 27, 8079–8089, 1994.

Pachepsky, J. and Ritchie, J. C.: Seasonal changes in fractal land-
scape surface roughness estimated from airborne laser altimetry
data, Journal of Remote Sensing, 19, 2509–2516, 1998.

Power, W. L. and Tullis, T. E.: Euclidean and fractal models for
the description of rock surface roughness, J. Geophys. Res., 96,
415–424, 1991.

Roisin, C. J. C.: A multifractal approach for assessing the structural
state of tilled soils. Soil Sci. Soc. Am. J., 71, 15–25, 2007.

Saitou, M., Hokama, M., and Oshikawa, W.: Scaling behavior of
polished (1 1 0) single-crystal nickel surfaces, Applied Surface
Science, 185(1–2), 79–83, 2001.

Soil Survey Staff Division: Soil survey manual, USDA Handb. 18.
U.S. Gov. Print. Office. Washington DC, 1993.

Takken, I., Jetten, V., Govers, G., Nachtergaelle, J., and Steegen,
A.: The effect of tillage-induced roughness on runoff erosion
patterns, Geomorphology, 37 (1–2), 1–14, 2001.

Vidal Vázquez, E.: Influencia de la precipitación y el laboreo en la
rugosidad del suelo y la retención de agua en microdepresiones
(In Spanish), Ph. D. Dissertation, University of Coruña, Spain,
430 pp, 2002.
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