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Abstract. Most of the indices currently employed for assess-
ing soil surface micro-topography, such as random roughness
(RR), are merely descriptors of its vertical component. Re-
cently, multifractal analysis provided a new insight for de-
scribing the spatial configuration of soil surface roughness.
The main objective of this study was to test the ability of
multifractal parameters to assess in field conditions the de-
cay of initial surface roughness induced by natural rainfall
under different soil tillage systems. In addition, we evalu-
ated the potential of the joint use of multifractal indices plus
RR to improve predictions of water storage in depressions of
the soil surface (MDS). Field experiments were performed on
an Oxisol at Campinas, São Paulo State (Brazil). Six tillage
treatments, namely, disc harrow, disc plough, chisel plough,
disc harrow + disc level, disc plough + disc level and chisel
plough + disc level were tested. In each treatment soil surface
micro-topography was measured four times, with increasing
amounts of natural rainfall, using a pin meter. The sampling
scheme was a square grid with 25× 25 mm point spacing and
the plot size was 1350× 1350 mm (≈1.8 m2), so that each
data set consisted of 3025 individual elevation points. Du-
plicated measurements were taken per treatment and date,
yielding a total of 48 experimental data sets. MDS was esti-
mated from grid elevation data with a depression-filling algo-
rithm. Multifractal analysis was performed for experimental
data sets as well as for oriented and random surface condi-
tions obtained from the former by removing slope and slope
plus tillage marks, respectively. All the investigated mi-
croplots exhibited multifractal behaviour, irrespective of sur-
face condition, but the degree of multifractality showed wide
differences between them. Multifractal parameters provided
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valuable information for characterizing the spatial features of
soil micro-topography as they were able to discriminate data
sets with similar values for the vertical component of rough-
ness. Conversely, both, rough and smooth soil surfaces, with
high and low roughness values, respectively, can display sim-
ilar levels of spectral complexity. Although in most of the
studied cases trend removal produces increasing homogene-
ity in the spatial configuration of height readings, spectral
complexity of individual data sets may increase or decrease,
when slope or slope plus tillage tool marks are filtered. In-
creased cumulative rainfall had significant effects on vari-
ous parameters from the generalized dimension,Dq, and sin-
gularity spectrum,f (α). Overall, micro-topography decay
by rainfall was reflected on a shift of the singularity spec-
tra,f (α) from the left side (q � 0) to the right side (q � 0)
and also on a shift of the generalized dimension spectra from
the right side (q � 0) to the left side (q � 0). The use of
an exponential model of vertical roughness indices, RR, and
multifractal parameters accounting for the spatial configura-
tion such asD1 or D5 improved estimation of water stored
in surface depressions.

1 Introduction

Soil surface micro-topography has been demonstrated to be
a factor relevant for assessing the hydrological response of
small plots (Darboux and Huang, 2005; Antoine et al., 2009)
and also has been used to extract indicators of soil struc-
ture (Hairsine et al., 1992). In particular soil surface pro-
vides micro-catchments for rain, which affects runoff initi-
ation during the first stage of the rainfall-runoff process. In
soil science, surface roughness has been defined as a measure
of variation in surface micro-topography at the square meter
scale (Allmaras et al., 1966; Huang, 1998).
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The predominant roughness index for studies of micro-
topography is the so-called random roughness (RR), which
is calculated from the standard error (Allmaras et al., 1966)
or from the standard deviation (Currence and Lovely, 1970)
of point height readings from the mean value along a transect
or on a surface. Prior to RR calculation, experimental height
readings are corrected to adjust for the effects of slope and
tillage tool marks. Various other indices exist for character-
izing soil micro-topography (see Kamphorst et al., 2000 for
a review).

Although there is not a standard filtering procedure be-
fore RR calculations are carried out, in general corrections of
height readings involves two steps: (i) removal of slope ef-
fects and (ii) removal of tillage marks effects. Moreover, soil
surface roughness is usually partitioned into oriented rough-
ness and random roughness (Römkens and Wang, 1986).
Oriented roughness is characteristic to a specific tillage tool
and is obtained from experimental elevation data, after slope
effects have been removed. Random roughness results from
adjustment for both slope and tillage tool marks and consist
of structural units of different sizes, e.g. clods, aggregates
and grains, randomly oriented on the soil surface. There-
fore, the “random” roughness concept has been developed to
quantify features of structural elements with various dimen-
sions on the soil surface, which are assumed to be randomly
oriented. Notice that the use of the “random” term does not
mean that height readings are randomly distributed, i.e. with-
out spatial correlation (Huang, 1998).

Several devices have been developed to obtain point height
readings, as recently summarized by Moreno et al. (2008)
and Garćıa Moreno et al. (2008b). Briefly, until now the
pin meter, which consists of a row of pins that can be low-
ered onto the study surface still remains the most commonly
used equipment in field conditions. Indeed, the pin meter is
a destructive method and, therefore, care should be taken to
avoid possible disturbance of the surface; it also does not al-
low micro-relief measures over the same plot during succes-
sive periods with increasing cumulative rain. The relatively
large grid spacing is another disadvantage of this method
(Vidal Vázquez et al., 2005, 2006). Alternatively, non con-
tact methods such as laser scanner (e.g. Huang, 1998; Vi-
dal Vázquez et al., 2007), stereo-photography (e.g. Wagner,
1995), shadow analysis (Garcı́a Moreno et al., 2008b), etc.,
allow to measure point elevation at higher resolution than
pin meter and also eliminate surface disturbance. In spite
of these disadvantages, pin meters are cheap, simple and re-
liable in field conditions.

On agricultural land, soil surface roughness is influenced
by several factors such as tillage operations, vegetation, soil
type and previous amount and intensity of rainfall (e.g. All-
maras et al., 1966; Zobeck and Onstad, 1987; Kamphorst
et al., 2000; Vidal V́azquez et al., 2006; Paz-Ferreiro et al.,
2008) and may be influenced by less dominant factors such
as freeze-thaw cycles (Hansen et al., 1999). Soil tillage mod-
ifies surface roughness by breaking large clods into smaller

ones and by introducing mounds, rips and furrows. Tillage
operations result in abrupt changes in roughness, depending
on its type and intensity. Rainfall produces decay of rough-
ness left by tillage. Consequently, soil surface roughness is
created by tillage and later smoothed by rainfall.

The water storage capacity of the soil surface following
rain events, here referred to as Maximum Depression Stor-
age (MDS), largely depends on soil micro-topography. Early
studies recognized that rougher surfaces store more water
than smoother surfaces and steeper slopes store less water
than gentle slopes (Moore and Larson, 1979; Ullah and Dick-
inson, 1979; Onstad, 1984; Hansen et al., 1999; Govers et al.,
2000; Ǵomez and Nearing, 2005). Thus, a smoothly tilled
surface has little depression storage. More recently, it has
been shown that the main effect of water stored in soil sur-
face puddles was to retard the time to start runoff after rain-
fall begins (Darboux and Huang, 2005). Right after tillage
a large roughness is often associated with a high infiltration
capacity, which would result in a delay in runoff initiation at
the beginning of rain events. This effect is more evident in
soils where a surface seal develops. However, a higher sur-
face roughness and, therefore, larger depression storage does
not always reduce runoff and/or erosive soil losses (Helming
et al., 1998; Darboux and Huang, 2005).

Some attempts have been made to measure directly MDS
(Kamphorst and Duval, 2001), but most frequently it has
been indirectly estimated from micro-relief measurements,
assuming conditions of zero infiltration. Computer models
based on geometrical algorithms have been developed for
calculating MDS at the microplot scale from a grid of point
elevation measurements (Moore and Larson, 1979; Onstad,
1984; Hansen et al., 1999). These algorithms identify in-
dividual depressions by determining local minima and then
the stored volume is calculated by gradually filling such de-
pressions to the overflow point. Also MDS estimations from
Digital Elevation Models (DEMs) have been performed (Ul-
lah and Dickinson, 1979; Huang and Bradford, 1990; Kam-
phorst et al., 2000) using depression-filling methods.

Depression storage has also frequently been obtained from
empirical relationships with roughness indices (e.g. Onstad,
1984), the most often used being random roughness (RR), ac-
cording to Kamphorst et al. (2000). In these studies, surface
elevations were measured with different grid spacing and ver-
tical resolution. On the other hand, roughness indices and
depression storage have been often calculated by different
methods from the topographic data sets. Therefore, results
cannot always be compared. Notwithstanding, the main crit-
icism to linear regression analysis between RR and MDS lies
in that random roughness gives no information about the pro-
portion of different aggregate sizes on the soil surface. If one
parameter like RR is used to characterize the total surface of
the plot, the spatial distribution of surface roughness will be
disregarded. As a consequence, surfaces with the same RR
may have a different MDS.
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Several authors have recognized that mathematical de-
scription of the spatial characteristics of soil surface microre-
lief still remains a challenge, because most of the indices
employed are merely descriptors of the vertical component
of soil surface roughness (Kamphorst et al., 2000; Vidal
Vázquez et al., 2005; Moreno et al., 2008). The widely used
RR index represents a statistical measure of vertical topo-
graphic variations, implicitly assuming that there is no spa-
tial variation in surface roughness (Eltz and Norton, 1997;
Kamphorst et al., 2000). Some attempts have been made
in the past to account for the spatial component of soil sur-
face roughness. Linden and van Doren (1986) developed
the so-called limiting elevation difference (LD) and limiting
slope (LS) to take into account the spatial aspect of rough-
ness. LD and LS are based on the first order variogram of
height differences.

Huang and Bradford (1992) first proposed a fractal model
to express soil roughness as a function of two fractal pa-
rameters, i.e. fractal dimension,D, and cross-over length,l.
Fractal behaviour of soil surface roughness has been demon-
strated over a limited range of scales (Huang and Bradford,
1992; Eltz and Norton, 1997; Vidal V́azquez et al., 2005).
Crossover length best characterizes vertical component of
surface roughness, while fractal dimension was considered
as an indicator of the distribution of point elevations on the
surface (Huang, 1998).

Multifractal theory permits the assessment of complex
phenomena in a fully quantitative manner, for both spatial
and temporal variation. Multifractal techniques and notions
are increasingly widely recognized as the most appropriate
framework to analyze the scale dependency of geophysical
data, including topography, and also their extreme variabil-
ity over a wide range of scales (Lovejoy and Shertzer, 2007).
Although the application of multifractal theory to soil sur-
face micro-relief is incipient, both, data sets acquired by pin
meter (Moreno et al., 2008; Garcı́a Moreno et al., 2008a) and
laser scanner (Vidal V́azquez et al., 2008) have demonstrated
multifractal behaviour.

In a previous work (Vidal V́azquez et al., 2008) we car-
ried out a multifractal analysis of micro-topography data sets
obtained in laboratory conditions by laser scanner under sim-
ulated rainfall. However, in many countries devices measur-
ing point elevations at the mm scale are still not available.
On the other hand, low technology devices have been fre-
quently employed to measure microrelief with a resolution
of the order of cm, and it has been proposed to take advan-
tage of them for an effective evaluation of roughness parame-
ters in field conditions (Merril et al., 2001; Vidal Vázquez et
al., 2006). Thus, we perform a field experiment to measure
micro-topography on a Brazilian Oxisol by pin meter. The
choice of this low technology device was driven by practi-
cal reasons. Duplicate data sets were obtained for six differ-
ent tillage treatments, first just after tillage and subsequently
with increasing cumulative rainfall. As shown in our pre-
vious work (Vidal V́azquez et al., 2008) random roughness

Table 1. General properties of the topsoil, at the 0–20 cm depth.

pHH2O pHKCl O. M. (%) Sand (g kg−1) Silt (g kg−1) Clay (g kg−1)

5.9 5.5 3.79 410 80 510

evaluation merely allows description of the vertical compo-
nent of soil micro-topography. Thus, firstly we focused our
work on spatial characterization of the point elevation data
sets obtained in field conditions. Moreover, in this work,
we studied the experimental oriented and roughness random
conditions, which was not taken into account before. Even
thought the experimental grid was relatively coarse, it was
found to be suitable to perform multifractal analysis. In a
further step we employed multifractal parameters to assess
the effect of tillage system plus cumulative rainfall on soil
surface microrelief in field conditions. In addition, the ex-
perimental data sets were also used to estimate surface stor-
age capacity by a depression-filling algorithm. Therefore, the
main objective of this study was to test the ability of multi-
fractal parameters to assess in field conditions decay of initial
surface roughness induced by natural rainfall under different
soil tillage systems. Our specific objectives were: (1) to as-
sess the usefulness of the multifractal approach to character-
ize oriented and random roughness features and (2) to eval-
uate the potential of the joint use of multifractal indices plus
RR to improve predictions of water storage in soil surface
depressions.

2 Material and methods

2.1 Site, soil, tillage operations and rainfall record

The field measurements for the present study were ob-
tained at the Centro Experimental de Campinas, of In-
stituto Agron̂omico (IAC), Campinas, SP, Brazil, lo-
cated at 22◦53′ S and 47◦04′ W, at an average altitude of
60 m a.s.l. (above sea level). The soil was a Latossolo Ver-
melho Eutrof́errico t́ıpico (Oliveira et al., 1989), according
to the Brazilian Soil Classification System, equivalent to an
Eutrudox (Soil Survey Staff, 2006). As shown in Table 1, the
topsoil (0–20 cm depth) had a slight acid pH (pHH2O = 5.9
and pHKCl = 5.5), the organic carbon content was 3.79% and
the texture was clayey (41% sand, 8% silt and 51% clay).

Long-term mean annual rainfall at the study site is approx-
imately 1380 mm, from which about 1050 correspond to the
rainy season lasting from October to March during austral
summer. Mean annual temperature is 20.5◦C.

The surface roughness measurements were made between
October and November 2000, at a site in which the slope
was 5.10 m m−1. A total of forty-eight samples were ob-
tained corresponding to six tillage treatments over four dates
(the initial stage just after tillage and three successive periods
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Table 2. Summary of tillage treatments and cumulative rainfall (mm) at the four micro-topography reading periods.

Primary tillage Two succesive tillage operations

Disc harrow Disc plow Chisel plow Disc harrow Disc plow Chisel plow
+ leveling + leveling + leveling

First stage 0 0 0 0 0 0
Second stage 24.4 24.4 24.4 24.4 24.4 24.4
Third stage 113.8 120.9 120.9 232.8 232.8 232.8
Fourth stage 232.8 232.8 232.8 294.6 294.6 294.6

with increasing cumulative rainfall) and two duplicate mea-
surements per treatment and sampling date. Three primary
tillage treatments were studied, namely disc plow, disc har-
row and chisel plow, with cumulative natural rains of 0, 24.4,
113.3 and 232.8 mm (for disc plow) and 0, 24.4, 120.9 and
232.8 mm (for disc harrow and chisel plow). Besides these,
three other treatments where two consecutive tillage opera-
tions were performed, i.e. disc plow plus leveling 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 were
also measured. Table 2 summarizes the tillage treatments and
cumulative rainfall for the successive measurement dates.
Even though two data sets were obtained for each combi-
nation of tillage treatment and cumulative rainfall, they are
not considered in this analysis as replications, but rather, as
two independent duplicate measurements for each situation.
Notice that cumulative 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 summer in the study site.

2.2 Micro-topography data acquisition and processing

Point elevation readings were taken with a pin meter consist-
ing of a row of 54 probes placed in a frame and spaced at
25 mm (Fig. 1). Pins were designed to slide up and down un-
til the tip just impact the soil surface. The position of each
pin along a row was photographically recorded and there-
after digitized (Wagner and Yiming, 1991; Garcı́a Moreno et
al., 2008a). The profiles were registered by means of pho-
tographs using a digital camera. Image analysis was applied
to obtain point heights. The Profile Meter Program (Wagner
and Yiming, 1991) developed by the USDA-ARS Wind Ero-
sion Research Unit of Kansas State University was utilized
for this purpose.

The sampling scheme was a square grid with 25× 25 mm
point spacing and the plot size was 1350× 1350 mm
(≈1.8 m2), so that each data set consisted of 3025 individ-
ual elevation points (Fig. 1b).

Height readings, obtained on natural soil surfaces need
correction to adjust for the effects of plot slope and tillage
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Fig. 1. (A) Scheme of the pin meter used for point height measure-
ments and(B) sampling grid in cm.

marks. In our work oriented and random roughness,
were obtained by removing trends due to (i) plot slope
and (ii) slope + agricultural practices, respectively (Vidal
Vázquez et al., 2005, 2006). In the oriented roughness condi-
tion adjustment for slope was made simply using the plane of
best fit for each microplot of about 1.8 m2 surface. The resid-
ual surface after slope effect removal included both random
roughness features plus periodic effects due to tillage. The
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random roughness condition is considered to be associated
to the random disposition of aggregates and clods on the soil
surface (Allmaras, 1966; Huang, 1998; Vidal Vázquez et al.,
2005). Simultaneous adjustments for both linear and peri-
odic trend effects associated to slope and tillage tool marks
were performed by using a procedure proposed by Currence
and Lovely (1970) which removes such effect by row and
column. The average height value for thei-th row andj -th
column is obtained from the experimental data through the
equation:

Zij = zij −
(
zi − Z

)
−

(
zj − Z

)
− Z (1)

whereZij is the corrected height at thei-th row andj -th col-
umn after removal of both the slope and the periodic trends,
zij is the original height reading for thei-th row and thej -th
column,zi is the average for thei-th row, zj is the average
height for thej -th column,Z is the average of all points.

Therefore, micro-topography of each soil surface was de-
scribed by three different data sets, namely point elevations
experimentally obtained, and those corrected to represent the
oriented and random roughness conditions. In each case,
the soil micro-topography was single described by a set of
points of knownx-, y- andz-coordinates. The elevation val-
ues given as a function of the horizontal coordinate system
provide a numerical representation of the surface and consti-
tute a digital elevation model (DEM). Thus, from each exper-
imental DEM two more DEMs were obtained, representing
the oriented and the random roughness condition.

In this study, random roughness (RR) was calculated as
the standard deviation of height readings after correction for
plot slope and tillage tool marks. In addition, the standard
deviations (SD) of experimental data sets without any trans-
formation of the recorded elevation and those of data sets ad-
justed for the effects of plot slope (which describes oriented
roughness) were also calculated. Both RR and SDs of exper-
imental surfaces and surfaces with oriented roughness were
calculated as follows:

RR =

√√√√√ n∑
i=1

(
Z(xi) − Z

)2

n
(2)

whereZ(xi) = height reading at locationxi andn is the num-
ber of height readings.

2.3 Multifractal analysis of micro-topography

The multifractal analysis of a probability distribution on a
rectangular (square) region of the plane requires a set of
different grids with rectangular (square) cells. A common
choice for the grids is to consider dyadic downscaling (Ev-
ertsz and Mandelbrot, 1992; Kravchenko et al., 1999). This
may be achieved by successive dyadic partitioning of each
side of the rectangular (square) region support of the mea-
sure with a factorδ = 2−k(k = 1.2.3. . . ). At each size scale

δ, a numberN(δ) = 22k of cells are considered and their re-
spective measure are found from elevation data. Elevation
dataZ(x) should be normalized (Moreno et al., 2008; Garcı́a
Moreno et al., 2008 a; Vidal V́azquez et al., 2008) in order to
have a probability measure:

µi =
Z(xi)

N∑
j=1

Z
(
xj

) (3)

Wherexi , xj are mean values at thei/j -th cell of the ex-
perimental grid. The probability distribution or mass dis-
tribution was then analyzed for multifractality using box-
counting based moment method (Halsey et al., 1986; Evertsz
and Mandelbrot, 1992). This method involves estimation of
three functions: mass exponent function,τ(q), singularity
strength (or local scaling index),α(q), and singularity spec-
trum,f (α).

Briefly, according to Chhabra et al. (1989) a partition func-
tion, χ(q, δ), was first determined as follows:

χ(q, δ) =

N(δ)∑
i=1

µq
i (δ) =

N(δ)∑
i=1

p
q
i (δ) (4)

where momentq is a real number ranging from−∞ to ∞.
For multifractally distributed measures, the partition function
scales with the grid size as:

χ(q, δ) ∝ δ−τ(q) (5)

Therefore, the mass exponent function,τ(q), for eachq

value is obtained by plotting logχ(q, δ) versus logδ.
If the probability function µi(δ) in the neighbourhood of

the grid scales with the grid size as µ(δ) ∼ δ−αi , then, the
singularity strength or Lipschitz-Ḧolder exponentαi charac-
terizes scaling in thei-th cell or spatial region. Parameter
αi , which next will be referred to as singularity exponent for
short, is a crowding index quantifying the degree of concen-
tration of µ: the greater this value, the smaller the concentra-
tion of the measure will be and vice versa. It is in fact the
logarithmic density of thei-th cell of the partition of charac-
teristic sizeδ (Feder, 1988).

The number,N(δ), of cells of sizeδ where the probability
distribution has singularity exponents betweenα, andα +dα,
is related to the cell size asNα(δ) ∝ δ−f (α) (Halsey et al.,
1986; Chhabra et al., 1989). The functionf (α) is a scaling
exponent of the cells with commonα and can be considered
as the generalized fractal dimension of he set of cells with
singularitiesα.

According to Halsey et al. (1986) and Chhabra and
Jensen (1989), the scaling exponent,f (α), can be deter-
mined from the mass exponent function,τ(q), by Legendre
transformation as:

f (α) = q α(q) − τ(q) (6a)
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and

α(q) =
dτ(q)

dq
(6b)

A plot of f (α) vs. α is called amultifractal spectrum. It is
a downward function with a maximum atq = 0. Multifractal
spectrum quantitatively characterizes variability of soil pa-
rameters with asymmetry to the right and left indicating dom-
ination of small and large values, respectively. The width of
the multifractal spectrum (w = αmax−αmin) indicates overall
variability (Moreno et al., 2008) similar to the nugget effects
in geostatistics.

For each data set we calculated multifractal spectrum with
q values ranging from−10 to +10 in steps of 0.5. This was
fine enough to show the multifractal behaviour in the studied
moment range.

Multifractal measures can also be characterized by
their spectrum of generalized dimension,Dq, defined by
Grassberger and Procaccia (1983), based on the work of
Rényi (1955) for allDq 6= 1, by the following scaling rela-
tionship:

Dq =
1

q − 1
lim

ε → 0

log [χ(q, δ)]

log (δ)
(7)

whereχ(q, δ) is the partition function. For the particular
case whereq = 1 Eq. (7) becomes indeterminate, soDq is
estimated by l’Ĥopital’s rule. The generalized or Rényi di-
mension,Dq, is a monotonic decreasing function for all real
qs within the interval[−∞, +∞]. Whenq < 0, χ empha-
sizes regions in the distribution with less concentration of a
measure, whereas the opposite is true forq > 0 (Chhabra and
Jensen, 1989).

The generalized dimensions,Dq for q = 0, q = 1 andq =

2, are known as the capacity, the information (Shannon en-
tropy) and correlation dimensions, respectively. An object is
monofractal ifD(q) is constant; the equalityD0 = D1 = D2
occurs, however, only if the fractal is statistically or exactly
self-similar and homogeneous (Korvin, 1992). Otherwise, if
the measure has a tendency to multifractal type of scaling the
following relationship holds:D2 ≤ D1 ≤ D0.

Also, the generalized dimension,Dq, (Eq. 7) is related to
mass exponent function,τ(q) (Eq. 5) by the relationship:

τ(q) = (q − 1) Dq (8)

If τ(q) behaves non-linearly with respect toq, the measure,
m, is said to be multifractal. Notice that mathematically the
multifractal can be completely determined only by the entire
fractal spectrum function. A few characteristic values of the
function, however, can be used to describe the main prop-
erties of multifractals. The properties of functionsτ(q) and
Dq, specially the values atq = 0, 1 and 2 are frequently used
for describing multifractality (Cheng, 1999; Vidal Vázquez
et al., 2007).

2.4 Estimation of surface depression storage

Water stored on puddles of the soil surface, referred to as
maximum depression storage (MDS) was estimated using an
algorithm to fill depression on the soil micro-relief, similar
to the way described by Onstad (1984). The estimation was
simplified by not considering any infiltration. The algorithm
first identifies local minima and, then, fills depressions step-
wise from the bottom to the top. The search for the overflow
point or outlet is performed by exploring the neighbourhood
of each minimum. The number of neighbours used in our
study was eight.

Boundary conditions have been demonstrated to be impor-
tant for MDS calculation. Because of the small dimensions
of the experimental plot, if depressions identified at the plot
border were allowed to free drain (open boundaries), MDS
values would be underestimated. The effect of depressions
originated by random roughness and located at the plot bor-
der can be taken into account a method proposed by Kam-
phorst et al. (2000). Following this method, depressions run-
ning into the plot border and contributing to water storage
can be regarded as features that continue outside the plot
boundary and its volume calculated assuming a symmetri-
cal pattern of micro-catchment distribution. In this work
two boundary conditions were considered at the plot border:
(i) free drainage and (ii) impeded drainage out of the random
depressions at the plot boundaries.

2.5 Statistical analysis

SPSS, version 15.0 was used for all statistical analyses.
An ANCOVA (analysis of covariance) was performed us-
ing tillage type (disc harrow, disc plough or chisel) and
tillage intensity (primary tillage or two successive opera-
tions) as factors and rain as a covariable. This choice was
employed because of cumulative rain intensity differences
between treatments at the third and fourth measurement pe-
riod (Table 2). Variables were log-transformed when it was
required to meet the requirements of ANOVA (i.e. normal-
ity and heteroscedasticity of errors). A total of 48 samples
(i.e. 3 tillage types× 2 tillage intensities× 4 measurement
periods under increased cumulative rain× 2 duplicate sam-
ples) were analyzed per surface condition (i.e. experimental,
oriented and random). Separation of mean values of multi-
fractal parameters was subjected to the Tukey test. Correla-
tions were made by Spearman ranking.

3 Results and discussion

3.1 General characteristics of the soil surfaces

Figure 2 shows contrasted stages of the soil surface for two
treatments, i.e. primary tillage by disc ploughing and disc
ploughing plus levelling. In both treatments a freshly tilled
soil surface and a disturbed surface, produced after 232.8 mm

Biogeosciences, 7, 2989–3004, 2010 www.biogeosciences.net/7/2989/2010/
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Fig. 2. Examples of initial surfaces just after tillage and correspond-
ing crusted surfaces by effects of natural rainfall.(A) disc plow and
(B) disc plow + leveling.

cumulative rainfall can be compared. Initial soil surfaces are
permeable, whereas in rain disturbed surfaces a sedimentary
or depositional crust, less permeable, was developed. Over
the crusted surfaces small aggregates can be observed. They
result from erosion of larger structural units such as clods and
still had not been incorporated into the crust. Differences in
micro-topography between the initial and the crusted stages
are also apparent.

Mean values of the standard deviation, SD, of the ex-
perimental date sets was 33.95 mm, whereas extreme values
ranged from 16.03 to 57.40 mm. Removal of slope trend sig-
nificantly (P < 0.05) reduced these figures, as for oriented
roughness the mean of SD for height readings was 19.35 mm,
being minimum and maximum 7.18 and 19.35 mm. In turn
random roughness, RR, was significantly (P < 0.05) lower
than oriented roughness, with a mean of 11.78 mm, and
extremes ranging from 3.76 to 23.41 mm. Kamphorst et
al. (2000) studied a number of surfaces with RR values be-
tween 1 mm and 44 mm, corresponding to relatively smooth
seedbeds and vey rough conditions obtained by mouldboard
ploughing. Therefore, our data set was mostly characterized
by medium roughness conditions.

Mean values of roughness for the experimental and ori-
ented conditions ranged as follows: disc plough> chisel
plough> disc harrow> disc plough + leveling> disc har-
row + leveling> chisel plough + leveling. However, for
the random roughness condition the rank was: disc
plough> disc harrow> disc plough + leveling> disc har-
row + leveling> chisel plough> chisel plough + leveling.
These results show the smoothing effect of the second tillage
pass and also illustrate the importance of the oriented rough-
ness under chisel plough.
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Fig. 3. Selected plots of the natural logarithms of the partition
function versus measurement scales.(A) oriented roughness and
(B) random roughness.

3.2 Multifractal analysis of experimental, oriented an
random roughness

Multifractal analysis was carried out for a total of 144 data
sets, because for each surface three different roughness con-
ditions, i.e. experimental, oriented and random, were taken
into account. The double log plots of the normalized mea-
suresχ(q, δ), versus measurement scales,δ, (Eq. 5) were
examined to find out whether the point elevation data obeys
power low scaling. These plots also identify the range of mo-
ments that need to be considered to study the scale variation
of point elevation data sets.

Figure 3 shows selected examples of the partition func-
tion for oriented roughness and random roughness condi-
tions, which was estimated in steps of 2k, 0≤ k < 5. Visu-
ally, some noticeable departure from the straight line model
was observed for momentsq � 1 in Fig. 3b. Notwithstand-
ing, determination coefficients,R2, were higher than 0.98
for the statistical moments in the range fromq = −10 to
q = 10, and this in all the 144 studied data sets. In general,
the double log plots showed higher deviation from linearity
for the highestq moments after removal of slope and tillage
mark effects (i.e. for random distribution of clods, aggregates
and grains on the soil surface), whereas in experimental and
oriented roughness conditions they were practically linear
(R2 > 0.99). Data sets with a much larger number of height
readings (> 50 000), measured by laser-scanning, allowed
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Table 3. Summary statistics of selected multifractal parameters from the generalized dimension,Dq, spectrum for experimental, oriented,
and random surface conditions.

D−5 D1 D2 D5 (D−5–D5) (D−5–D0) (D0–D5) (D0–D2)

Experimental

Mean 2.191 1.981 1.967 1.939 0.252 0.191 0.061 0.033
Maximum 2.751 1.998 1.996 1.991 0.854 0.751 0.199 0.118
Error ± 0.174 ± 0.016 ± 0.029 ± 0.052 ± 0.252 ± 0.174 ± 0.052 ± 0.029
Minimum 2.010 1.933 1.882 1.801 0.0019 0.010 0.009 0.004
Error ± 0.002 ± 0.000 ± 0.001 ± 0.002 ± 0.004 ± 0.002 ± 0.002 ± 0.001

Oriented

Mean 2.151 1.984 1.970 1.940 0.211 0.151 0.060 0.030
Maximum 2.630 1.996 1.992 1.981 0.773 0.630 0.174 0.094
Error ± 0.176 ± 0.012 ± 0.023 ± 0.042 ± 0.182 ± 0.176 ± 0.042 ± 0.023
Minimum 2.020 1.950 1.906 1.826 0.039 0.020 0.019 0.008
Error ± 0.001 ± 0.000 ± 0.000 ± 0.002 ± 0.003 ± 0.001 ± 0.002 ± 0.000

Random

Mean 2.074 1.991 1.983 1.960 0.113 0.074 0.040 0.017
Maximum 2.413 1.998 1.996 1.991 0.471 0.413 0.110 0.048
Error ± 0.141 ± 0.006 ± 0.012 ± 0.024 ± 0.143 ± 0.141 ± 0.024 ± 0.012
Minimum 2.011 1.973 1.952 1.890 0.021 0.011 0.009 0.004
Error ± 0.001 ± 0.000 ± 0.000 ± 0.001 ± 0.002 ± 0.001 ± 0.001 ± 0.000

D−5, D1, D2, D5, andD10 are generalized dimensions forq =−5, 1, 2, and 5, respectively.

calculation of partition functions from eight dyadic steps 2k

(0≤ k < 7) and seven regression points (Vidal Vázquez et al.,
2008). All of the studied micro-relief data sets in our study
showed good scaling trends, even for a smaller range ofk

(0≤ k < 5). Therefore, as quoted by Moreno et al. (2008) a
simple pin meter can provide valuable information for mul-
tifractal assessment of soil surface roughness, even if a laser
scanner will produce more detailed information, which al-
lows micro-topography analysis over a large scale range.

The distribution of a measure is considered fractal (mono-
or multifractal) when the moments obey power laws (Evertsz
and Mandelbrot, 1992). The scaling properties observed
through analysis of the partition function can be further tight-
ened up by determining if there is simple (monofractal) or
multiple (multifractal) scaling types.

Figure 4 shows some examples of generalized dimension
or Rényi spectra,Dq. They correspond to rainfall stages
with 0.0 and 120.9 mm, and have been drawn for experi-
mental, oriented and random roughness conditions. Calcu-
lations were performed in the range−10≤ q ≤ 10. First,
Rényi spectra from duplicated measurements taken in the
same date can show noticeable different patterns. Second,
most of the spectra were more or less sigma-shaped curves,
which displayed more curvature for negative values ofq than
for positive ones; however spectra approaching the straight
line model, which implies a monofractal scaling nature, were
also recognized. Note that for a surface roughness with a
monofractal tendencyDq spectra would be quasi linear. All
the sigma-shapedDq functions passed through 2.00 atq = 0

and matched minimum and maximum values atq � 1 and
q � 1, respectively.

Table 3 lists summary statistics for several multifractal pa-
rameters cropped from the Rényi spectra for experimental,
oriented and random conditions. A monofractal also would
be characterized byD0 = D1 = D2. In all of the 144 surfaces
D0 > D1 > D2, indicating that the soil micro-topography
had a tendency to multifractal scaling property. Neverthe-
less, differences (D0 −D1) ranged from 0.002 to 0.067 and
(D1 − D2) oscillated from 0.04 to 0.118, which suggests
again various degrees in the homogeneity/heterogeneity of
the soil surface roughness. In general the width of theDq
spectra, assessed by parameters such as (D−5 − D0) and
(D−5 −D5) indicated different degrees of heterogeneity in
the associated measures, and this for experimental, oriented
and random roughness conditions.

Determination coefficients,R2, were highest for moments
q = 0 andq = 1 and decreased for lower and higher|q| mo-
ments. Forq = 10, R2 achieved values higher than 0.996,
0.997 and 0.999 in the sets of surfaces with experimental, ori-
ented and random roughness, respectively. Forq = −10,R2

values for the corresponding surface conditions were 0.982,
0.980 and 0.983 (data not shown). Standard errors ofDq val-
ues increased with increasing|q| values and they were much
higher for left (q < 0) than for the right (q > 0) branch of
the Ŕenyi spectra. For|q| = 10,Dq errors were much higher
than for|q| = 5 (Fig. 4). Therefore, next the moment ranges
−5< q < 5 will be retained for discussion purposes.
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Fig. 4. Generalized dimension,Dq, spectra (−5< q < 5) of sur-
faces tilled with disc plow, for experimental, oriented and random
roughness conditions at two surface stages, 0 and 120.9 mm rain.
(Bars are standard errors).

The effect of cumulative rain on Ŕenyi spectra, for the
three different roughness conditions studied, is first described
in Fig. 5. Here, eachDq spectrum corresponds to a mea-
surement date and so it was obtained as the mean value for
two replicated measurements on neighbouring plots. Over-
all, features observed in Fig. 5 indicate various degrees of
heterogeneity in the associated measures, depending on the
cumulative rain. However, the random roughness condition
was characterized by a much smaller degree of heterogeneity,
as its meanDq curves under successive rain amounts showed
a smaller variation in width than the respective curves for ex-
perimental and oriented conditions. In other words, some in-
dividual data sets from the three different surface conditions
(experimental, oriented, random) studied here can exhibit
gentle slopes of theDq vs.q function, which indicate rather
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Fig. 5. Mean values generalized dimension,Dq, spectra (−5< q <

5) of surfaces tilled with disc plow as a function of cumulative rain-
fall, for experimental, oriented and random roughness conditions.

homogeneous measures. On average, however, homogeneity
increased in surfaces with random roughness conditions.

Width of theDq branches, and, therefore, generalized di-
mension values for the studiedq moments, increased or de-
creased between two successive measurement dates, so that
they had no bearing with cumulative rainfall. On the other
hand RR values steadily decreased with increasing cumula-
tive rainfall. Therefore, changes in multifractal parameter
values induced by rainfall showed no or little correspondence
with the evolution of the vertical microrelief component, de-
scribed by RR. On artificial surfaces, under simulated rain-
fall, Vidal Vázquez et al. (2008), found similar results.

The capacity or box-counting dimension,D0, was not
significantly different from 2.00, which corresponds to a
Euclidean support in the 144 studied surfaces. The entropy
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dimension,D1, quantifies the degree of heterogeneity of the
distribution, µ itself by measuring the way its Shannon en-
tropy scales as the linear size of the mesh shrinks. Parameter
D1 also has been considered as the average of the logarith-
mic densities or concentrations of the multifractal distribu-
tion. Therefore,D1 may be viewed as the expected value
of the different concentrations when the distribution itself
is taken into account, and it also determines the geometri-
cal size of the set where the “main part” of the distribution
concentrates. The values ofD1 ranged from 1.933 to 1.998,
1.950 to 1.996 and 1.973 to 1.998 for experimental, oriented
and random conditions, respectively (Table 3). MeanD1 val-
ues were significantly higher (P < 0.05) for random rough-
ness compared to experimental and oriented roughness. In
spite of this, some data sets from the three different rough-
ness conditions studied here were characterized byD1 values
close to 2 andDq functions with rather gentle slopes. Again,
this pattern was more frequent for random roughness than for
experimental or oriented roughness.

The correlation dimension,D2, computes the correlation
of measures contained in intervals of sizeδ. The values of
D2 ranged from 1.882 to 1.996, 1.906 to 1.992 and 1.952 to
1.996 for experimental, oriented and random roughness con-
ditions, respectively. Also meanD2 values were significantly
higher (P < 0.05) for surfaces with random roughness than
for surfaces with oriented or experimental roughness.

Table 3 also lists summary statistics for various parame-
ters describing the width of the Rényi dimension,Dq. On
average, width of theDq spectra was significantly narrower
for surfaces with random conditions than for those with ex-
perimental or oriented conditions. Parameters extracted from
the Ŕenyi spectrum forq < 0, i.e.D−5, (D−5−D0), etc. and
parameters given its total width such as (D−5 −D5), were
significantly lower (P < 0.05) for the random roughness con-
dition, whereas no significant differences were found for pa-
rameters obtained forq > 0, such asD−5 and (D0 −D5).
This suggests that removal of slope plus tillage trends mainly
affects the left part of the Ŕenyi spectrum, whereq < 0.

The singularity spectrum is a powerful tool to analyze sim-
ilarity or difference between the scaling properties of the
measures and it also permits to asses the local scaling proper-
ties of individual point elevation data sets. First, the symme-
try/asymmetry of the singularity spectrum is and indicator of
homogeneity/heterogeneity. The wider the spectrum is, (i.e.,
the largest theαmax−αmin value) the higher the heterogene-
ity in the scaling indices of the measure and vice versa. Sec-
ond, the branch length of thef (α) spectrum gives insight
about the abundance of the measure. Smallf (α) values at
the end of a long branch correspond to rare events, whereas
the largestf (α) value is the capacity dimension that is ob-
tained atq = 0.

Selected examples of singularity spectra,f (α) vs. α are
shown in Figs. 6 and 7. Those depicted in Fig. 6 correspond
to experimental, oriented and random roughness for the disc
harrow treatment, and those in Fig. 7 compare primary tillage
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Fig. 6. Singularity spectra for disc harrow corresponding to experi-
mental, oriented, and random roughness conditions.

versus two successive tillage operations. Table 4 lists sum-
mary statistics of parameters obtained from the singularity
spectra for the selected range ofq moments (−5 < q < 5)
and for three roughness conditions, i.e. experimental, ori-
ented and random.

All singularity spectra in Figs. 6 and 7 are character-
ized by a concave down shape, but they present very differ-
ent patterns regarding symmetry features. When comparing
singularity spectra from duplicated data sets measured on the
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905  Fig. 7. Singularity spectra for disc plow and disc plow plus leveling

under oriented roughness conditions.

same treatment and date, thus with similar values of random
roughness, RR, great differences may be observed because
of the natural variability between neighbouring microplots.

Most of thef (α) vs. α spectra showed an asymmetrical
curve with a wider and also frequently a longer right side,
whereq < 0. However, this was not a general rule, as the
left branch of the singularity spectrum was wider than the
right one in 7, 8 and 10 out of 48 cases, for experimental ori-
ented and random conditions, respectively. The magnitude
of changes around the maximum value off (α) is a measure
of the symmetry of the singularity spectrum. So differences
(αmax−α0 andα0−αmin) indicate the deviation of the spec-
trum from its maximum value (q = 0) towards the right side
(q < 0) and the left side (q > 0), respectively. On the other
hand, also in most of the studied cases the right branch of
thef (α) spectrum was longer than the left one, but in sev-
eral cases the opposite was true. Smallf (α) values corre-
spond to rare events. Therefore, a longer right branch of the
f (α) spectrum suggests depressions of micro-topography
were very rare, whereas a longer left branch suggests peaks
of height readings were less frequent. Altogether, asymmetry
toward the left side indicates domination of large or presence
of extremely large values in the spatial variability of height

Table 4. Summary statistics of the width of the singularity spec-
trum, f (α) vs. α for experimental, oriented, and random sur-
face conditions. (Calculations were made for the moment range:
−5< q < 5).

(q−5, q5)

αmax αmin αmax–αmin αmax–α0 α0–αmin

Experimental

Mean 2.367 1.905 0.462 0.367 0.095
Maximum 3.261 1.983 1.392 1.261 0.269
Minimum 2.020 1.731 0.037 0.020 0.017

Oriented

Mean 2.305 1.900 0.405 0.305 0.100
Maximum 3.151 1.965 1.351 1.151 0.249
Minimum 2.040 1.751 0.077 0.040 0.035

Random

Mean 2.160 1.921 0.239 0.160 0.079
Maximum 2.780 1.982 0.853 0.780 0.252
Minimum 2.021 1.748 0.042 0.021 0.018

readings, while asymmetry toward the right shows domina-
tion of small or presence of extremely small values of height
readings.

In summary, the most frequent pattern of thef (α) spec-
trum for experimental and oriented conditions was an asym-
metrical curve with a greater tendency toward the right side,
whereq < 0, which indicated dominance of small point el-
evation values. This information is very important, since
the values ofq > 0 are directly associated with the mea-
sure that, in our case, is in turn related with the height read-
ing. Small clusters with peaks of height readings embed-
ded within larger areas with small height readings caused
this pattern of asymmetry. The random roughness condi-
tion was characterized by a much narrower and symmetrical
f (α) spectrum (Fig. 6). So mean widths (αmax−αmin) for
the range ofq moments−5< q < 5 were significantly lower
(P < 0.05) for experimental and oriented conditions than for
random conditions. The smaller mean values of the width,
(αmax−αmin) of the singularity spectra and the more sym-
metrical shape of thef (α) vs.α spectra of the random con-
dition indicate a more homogeneous spatial distribution of
height readings when compared with experimental and ori-
ented conditions.

Meanαmax and (αmax−αmin) values, calculated in−5<

q < 5 range, were also significantly lower (P < 0.05) for the
random condition than for the experimental and oriented con-
ditions. However, meanαmin and (αmax−αmin) values were
not significantly different (P < 0.05) within the three ran-
dom conditions studied. These results corroborate the dif-
ferential pattern of homogeneity/heterogeneity between the
random condition and the experimental or oriented condi-
tion made evident by the generalized dimension,Dq, analysis
(see Figs. 4 and 5). Therefore, it may be said that, on
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average, the random roughness condition, resulting from si-
multaneous removal of slope and tillage tool marks, is as-
sociated with increased homogeneity of the residual height
readings. This is an expected result, because random rough-
ness is due to the spatial distribution of elements such as
clods and aggregates randomly oriented on the soil surface
(Huang, 1998). Nevertheless, it should be taken also into
account that according with our results, homogeneity of in-
dividual data sets may increase or decrease when slope or
slope plus tillage tool marks are filtered, even if in most of
the cases trend removal produces increasing homogeneity in
the spatial distribution of height readings.

The effect of tillage intensity, i.e. primary tillage versus
two successive operations, on the singularity spectrum is il-
lustrated in Fig. 7, where disc ploughing and disc plough-
ing plus leveling are compared for the oriented roughness
condition. All the 16 concave down curves depicted in
this figure are characterized by a long right side of the
f (α) spectrum. Although the mean vertical component of
the micro-topography, RR, was significantly higher in the
primary tillage, no significant differences (P < 0.05) were
found in the mean widths, (αmax−αmin), of thef (α) spec-
trum. In spite of some minor differences in their dimen-
sions and symmetry, similarities at both low and highf (α)

values on treatments with two tillage intensities, i.e. disc
plough and disc plough + leveling, suggest analogous or re-
lated micro-topographical features. Thus, multifractal anal-
ysis shows that rough and smooth soil surfaces with high
and low RR values, respectively, can display similar levels
of spectral complexity and heterogeneity.

Moreno et al. (2008) and Garcı́a Moreno et al. (2008a) per-
formed multifractal analysis by pin meter for three different
tillage treatments in three different experimental fields. Each
data set consisted of 10 000 points. The texture was sandy
clay loam for two of the soils and sandy loam for the third
soil. The width of the singularity spectrum were calculated in
the moment range−5< q < 5, so thatwa = (α−5−α5). For
the experimental, i.e. real roughness condition,wa oscillated
from 0.09 to 0.99, 0.07 to 0.292 and 0.010 to 0.395 under
chisel, roller and mouldboard plough, respectively. The val-
ues ofwa for the random roughness condition ranged from
0.003 to 0.121, 0.003 to 0.034 and 0.003 to 0.019 under
chisel, roller and mouldboard plough, respectively. Trend
removal of micro-topography data sets also decreased width
of thef (α) spectrum, with the exception of the chisel treat-
ment. Even if Garćıa Moreno et al. (2008b) used a gliding
box algorithm to perform multifractal analysis, singularity
spectra were much wider in our clayey soil (Table 4), with
mean values,wa = 0.462, 0.405 and 0.239 for experimental,
oriented and random data sets, respectively. Soil texture, an-
tecedent rainfall and other factor such as soil structure and
organic matter content may have had an effect on the com-
plexity of surface micro-topography, which would explain
the above differences in width of the singularity spectrum.

3.3 Effects of cumulative rain, tillage type and intensity
on multifractal parameters

Results of the ANCOVA analysis are summarized in Table 5.
Cumulative rain had significant effects on several multifrac-
tal parameters. Increasing rainfall showed a trend to increase
D−5, whatever the roughness condition (P = 0.004 for ex-
perimental,P = 0.058 for oriented andP = 0.076 for ran-
dom roughness conditions). The greater effect of cumula-
tive rainfall was observed on the total width, i.e. (D−5−D5)
of the generalized spectrum,Dq, (P = 0.002 for experi-
mental,P = 0.039 for oriented andP = 0.020 for random
conditions). Moreover, increased cumulative rainfall caused
decreasingD5 (P = 0.007, P = 0.052 andP = 0.002 for
the experimental, oriented and random conditions respec-
tively), and, therefore, the width of the right branch,q > 0,
i.e. (D0 −D5) of the Dq spectrum also decreased (data not
shown). In addition, the capacity dimension,D1, and the
correlation dimensionD2 also showed a trend to decrease
with decreasing cumulative rain, so that the greatest effects
were observed on the experimental data sets and the smallest
ones on the oriented data sets.

Likewise Table 5 shows that cumulative rain had also sig-
nificant effects on parameters describing the width of the
singularity spectrum,f (α). Increased rain showed a trend
to increaseα−5 values of the singularity spectra (P = 0.008,
P = 0.103 andP = 0.055 for experimental, oriented and ran-
dom roughness conditions, respectively) and therefore, the
width of the right branch (q < 0), i.e., (α−5 − α0). Par-
allel to results obtained forDq, increased rainfall also de-
creased both,α5 significantly (P = 0.038, P = 0.027 and
P = 0.001 for experimental oriented and random roughness
respectively) and (α0 −α5) (data not shown). Because the
increase in the width of the right side, (αmax−α0), of the
singularity spectra was larger than the decrease in the width
of the respective left side (α0 −αmin), the total width of the
f (α) spectrum, (α−5 −α5), increased with increasing rain
(P = 0.006,P = 0.037 andP = 0.004 for experimental, ori-
ented and random roughness, respectively).

The above results show that the main effect of increased
rainfall on the multifractal characteristics of soil surfaces
consists on a shift of the singularity spectra,f (α) from the
left side (q � 0) to the right side (q � 0) as well as a shift of
the generalized dimension spectra from the right side (q � 0)
to the left side (q � 0). In both cases, these changes in
symmetry/asymmetry indicate that the small values of height
readings become more frequent and the largest ones become
rarer as cumulative rainfall increases. On the other hand the
increase in total widths(αmax−αmin) of thef (α) spectrum
with increasing cumulative rain indicate that the heterogene-
ity and, therefore, the spectral complexity of the soil surface
was higher in the crusted stages than in the initial ones, just
after tillage was performed. Therefore, multifractal parame-
ters give a good description of what can be observed in differ-
ent stages of the soil surface micro-topography (see Fig. 2).
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Table 5. Effects of cumulative rain, tillage type, tillage intensity, and the interaction tillage type x tillage intensity on some multifractal
parameters, for experimental surfaces and surfaces with oriented and random roughness.

Experimental Oriented Random

Source of variation df F p F p F p

D−5

Rain 1 9.177 0.004 3.812 0.058 3.314 0.076
Tillage type 2 2.522 0.093 3.539 0.038 1.067 0.353
Tillage intensity 1 0.052 0.822 0.884 0.352 2.133 0.152
Type x intensity 2 3.677 0.034 0.216 0.807 1.225 0.304

D5

Rain 1 8.071 0.007 3.990 0.052 10.771 0.002
Tillage type 2 0.360 0.700 1.519 0.231 2.482 0.096
Tillage intensity 1 0.381 0.540 4.745 0.035 0.212 0.648
Type x intensity 2 3.932 0.027 0.626 0.540 0.216 0.391

D−5−D5

Rain 1 10.423 0.002 4.552 0.039 5.832 0.020
Tillage type 2 2.303 0.118 3.519 0.039 1.592 0.216
Tillage intensity 1 0.006 0.940 1.608 0.212 2.135 0.152
Type x intensity 2 4.230 0.021 0.323 0.726 0.714 0.496

D1

Rain 1 9.046 0.004 3.142 0.084 4.174 0.048
Tillage type 2 0.862 0.430 1.914 0.160 2.558 0.090
Tillage intensity 1 0.320 0.575 3.800 0.058 0.685 0.413
Type x intensity 2 4.118 0.022 0.708 0.499 0.273 0.762

D2

Rain 1 8.498 0.006 3.335 0.075 6.124 0.018
Tillage type 2 0.612 0.547 1.730 0.190 2.681 0.080
Tillage intensity 1 0.320 0.575 4.921 0.032 0.428 0.517
Type x intensity 2 4.164 0.023 0.700 0.502 0.306 0.738
α−5

Rain 1 7.649 0.008 2.776 0.103 3.904 0.055
Tillage type 2 3.134 0.054 3.160 0.053 0.097 0.738
Tillage intensity 1 0.045 0.832 0.589 0.447 1.442 0.237
Type x intensity 2 4.170 0.022 0.148 0.863 1.026 0.367

α5

Rain 1 4.603 0.038 5.265 0.027 13.165 0.001
Tillage type 2 0.251 0.779 0.846 0.437 1.226 0.304
Tillage intensity 1 0.339 0.564 1.076 0.306 0.142 0.708
Type x intensity 2 1.367 0.266 0.120 0.887 2.415 0.102

α−5–α5

Rain 1 8.455 0.006 4.654 0.037 9.196 0.004
Tillage type 2 2.833 0.070 3.435 0.042 1.568 0.221
Tillage intensity 1 0.006 0.983 0.979 0.328 1.560 0.219
Type x intensity 2 4.033 0.025 0.088 0.916 0.265 0.769

No significant effects (P < 0.05) were detected for tillage
type, tillage intensity or the interaction tillage type× tillage
intensity for the random roughness conditions. It is remark-
able also that the interaction tillage type× tillage intensity
showed significant effect for several multifractal parameters
of the experimental roughness condition.

3.4 Prediction of maximum depression storage

Values of water stored in surface depressions (MDS) es-
timated taking into account the border effect were in the
range from 1.82 to 8.77 mm m−2, with a mean value of
3.67 mm m−2. Kamphorst et al. (2000) found MDS values

www.biogeosciences.net/7/2989/2010/ Biogeosciences, 7, 2989–3004, 2010



3002 E. Vidal V́azquez et al.: Cumulative rainfall and tillage effects on soil surface micro-topography

Table 6. Regression equations to predict MDS from random rough-
ness (RR), and random roughness plus multifractal parameters (D1
andD5).

Independent Regression equations andR2 values
variables

Impeded drainage at microplot borders

RR MDS = 0.333 RR− 0.248 R2 = 0.679
RR andD1 MDS = 0.013 RRD1 + 1.722 R2 = 0.715
RR andD5 MDS = 0.014 RRD5 + 1.722 R2 = 0.730

Free drainage at microplot borders

RR MDS = 0.126 RR− 0.551 R2 = 0.551
RR andD1 MDS = 0.005 RRD1 + 0.440 R2 = 0.560
RR andD5 MDS = 0.005 RRD5 + 0.411 R2 = 0.592

varying from 1 to 13 mm m−2, for a RR range between 1 and
46 mm. The mean MDS estimated for free drainage condi-
tions was 1.17 mm m−2, about three times smaller than for
the previous condition. Allowing free drainage of depression
at the border of the microplot seems not to be realistic, be-
cause it is like consider a big pit surrounding a small surface,
which would produce a important bias in MDS estimations.

Results of regression analysis between MDS and ran-
dom roughness, RR, are shown in Table 6. Coefficient
of determination was higher when the effect of microplot
border was taken into account (R2

= 0.679) than by free
drainage conditions (R2

= 0.551). The regression equa-
tion was: MDS = 0.333 RR− 0.248. For impeded drainage
conditions, i.e., border effect, Kamphorst et al. (2000) ob-
tained MDS = 0.28 RR, with a higher correlation coefficient
(R2

= 0.85). The above results show very significant correla-
tion coefficients (P < 0.001). However, the dispersion of the
data around the regression line is high, and therefore, pre-
diction of MDS from RR are not satisfactory, even if the RR
explains 85% of the MDS variance (Kamphorst et al., 2000).
The main criticism to this lineal model remains in that RR
describes only the vertical component of soil surface rough-
ness.

Based on results of the multifractal analysis we tested ex-
ponential models that take into account parameters such as
D1, or D5, which are thought to contain information about
the spatial component of surface roughness. The general
form of models was: MDS =a RRDq +b and MDS estima-
tions were performed with free and impeded drainage condi-
tions. As shown in Table 6, the joint use of RR andDq some-
what improved MDS prediction. When MDS was estimated
taking into account the border effect, the models withD1 and
D5 as an exponent over the base RR, explained 71.5% and
73% of the variance respectively. Improved determination
coefficients also have been obtained by the exponential mod-
els when MDS was estimated assuming free drainage at the

border; again,D5 performed better thanD1. Although expo-
nential models combining the vertical component of rough-
ness, RR, and a multifractal parameter accounting for spatial
features of soil roughness are still not accurate enough for
a reliable MDS prediction, they do improve prediction from
lineal models. These results warrant more research.

4 Conclusions

A field experiment was conducted to assess effects of cumu-
lative rain and initial tillage treatment on soil surface rough-
ness. Height measurements were obtained by pin meter at
≈1.8 m square meter scale. Remarkably good multifractal
scalings were obtained when analyzing measures constructed
from experimental micro-topography data sets and also from
data representing the oriented and random roughness condi-
tions, which were retrieved from the former after trend re-
moval. On average, after slope plus tillage tool marks re-
moval the spectral complexity of point elevations decreased.
However, the spectral complexity of individual data sets can
increase or decrease as a result of trend removal.

Data sets measured by a low technology device such as the
pin meter have proven to be useful to perform multifractal
analysis and, in turn, multifractal parameters showed advan-
tages for assessing tillage and rainfall effects on soil microre-
lief. And this was in spite that spatial configuration patterns
of soil micro-topography from duplicate neighbour measure-
ments taken at the same treatment and on the same date can
show great differences, for the three roughness conditions
analyzed.

Similar levels of spectral complexity can be displayed by
rough soil surfaces resulting from primary tillage and smooth
ones produced by two tillage passes, with high and low
random roughness values, respectively. Therefore, random
roughness and multifractal parameters describe distinct mi-
crorelief features and produce different statistical informa-
tion.

Increasing cumulative rainfall decreased the value of pa-
rameters from the right (q > 0) branch of the generalized
dimension spectrum, such asD−5, (D0–D−5), D1 andD2,
and increased the value of parameters from the left (q < 0)
branch, such asD5 and (D5–D0). Likewise, increasing rain-
fall, decreased the width of the left (q > 0) side,(α0 −α5),
while the width of the right (q < 0) side,(α−5 −α0), of the
singularity spectrum. This behaviour was observed for all
the three roughness conditions studied i.e. experimental, ori-
ented and random.

Depression storage (MDS) estimated by a depression-
filling algorithm was three times higher when depressions
at the border were taken into account. Although results are
still not accurate enough for a reliable MDS prediction, expo-
nential models combining the vertical component of rough-
ness, RR, and a multifractal parameter accounting for spatial
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features of soil micro-topography were more accurate than
lineal models based solely on RR.
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