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Abstract. Spatial variability of soil properties such as soil structure and soil penetrometer resistance (SPR) is relevant 
for identifying those zones with physical degradation. We used classical statistical and multifractal analyses for 
characterising the spatial patterns of SPR distributions and compared them at different soil depths to investigate the 
tillage effect in soil compaction. The study was conducted on an Ochrept dedicated to olive orchards for the last 
70 years. Two parallel transects of 64 m were selected as different soil-management plots: conventional tillage and no 

tillage. Penetrometer resistance readings were carried out at 50-cm intervals within the first 20 cm of soil depth. Two-
way analysis of variance (ANOVA) highlighted that tillage system, soil depth and their interaction were statistically 

significant to explain the variance of SPR data from 5 to 20 cm soil depth. The scaling properties of each SPR profile 
were characterised by t (q) function, calculated in the range of moment orders (q) betwe en —5 and +5 taken at 0.5 lag 
increments. Several parameters were calculated from this: the singularities of strength (a); the Hausdorff dimension 
(f(a)); entropy dimension (a1); and their multifractal spectrum, i.e. graph a v. f(a). Multifractal scaling was evident 
and added valuable information to describe the spatial arrangement of depth-dependent penetrometer datasets in all 
soil layers, which was complementary to the ANOVA results. 

Introduction 

Much attention has been devoted to extensive soil degradation 
occurring in the Mediterranean Basin, particularly under 
permanent crops such as grapes and olives. Recent reports 
have highlighted the negative impacts on soil penetration 
resistance (SPR) of intensive olive-tree cultivation in the area 
(Acín-Carrera et al. 2013). Soil degradation is usually a major 
concern, with high soil-loss estimates for olive orchards in 
Spain. Linked with erosion is the major concern of a steady 

decline in levels of soil organic matter, with values often <2% 
in agricultural soils (Zdruli et al. 2004). 

Tillage is traditionally used in Spanish olive orchards for 
weed control and land leveling. In the opinion of olive farmers, 
this is important for chemical application and mechanical 
harvesting of olives. These practices leave the soil without 
protection for large periods of the year, including the rainy 
season. These practices are also commonly believed to promote 
soil water intake (Gómez 1998). However, tillage can break 

down soil aggregates, contributing to undesirable compaction, 
accelerating soil erosion and wasting time and energy. The 

benefits of no tillage for soil properties are well known 
(Gómez et al. 1999) and they include increasing surface soil 
organic matter, higher bulk density and cone index, and 

decreasing infiltration rate, among others. Soil compaction, 
measured through SPR, is one of the soil physical properties 
related to bulk density, soil texture and water content (García 
et al. 2008). As with many other properties, it presents a high 
degree of spatial variation that is relevant for identifying 
zones with physical degradation (Pérez et al. 2010; Millán 
et al. 2012). 

Spatial variation of soil properties can be seen as the result 
of a combination of physical, chemical, biological and climatic 
processes operating at different scales. This observation points 
to ‘variability’ as a key soil attribute that should be studied 
(Burrough et al. 1994). Soil variability has often been considered 
to be composed of ‘functional’ (explained) variations plus 
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random fluctuations or noise (Goovaerts 1997, 1998). However, 
the distinction between these two components is scale-dependent 
because increasing the scale of observation almost always 
reveals structure in the noise (Logsdon et al. 2008). 
Geostatistical methods and, more recently, multifractal– 
wavelet techniques have been used to characterise scaling and 
heterogeneity of soil properties, among others coming from 
complexity science (Milne et al. 2010; de Bartolo et al. 2011). 

Multifractal formalism, first proposed by Mandelbrot 
(1982), is suitable for variables with self-similar distribution 
on a spatial domain (Kravchenko et al. 2002). Multifractal 
analysis can provide insight into spatial variability of crop or 
soil parameters (Folorunso et al. 1994; Kravchenko et al. 2002, 
2003; Vereecken et al. 2007). This technique has been used to 
characterise the scaling property of a variable measured along 
one transect as a mass distribution of a statistical measure on 
a spatial domain of the studied field (Zeleke and Si 2004, 2006). 
To do this, one transect is divided into several self-similar 
segments. It identifies the differences among the subsets by 
using a wide range of statistical moments (Folorunso et al. 1994; 
Caniego et al. 2005). Recently, Siqueira et al. (2013) and Paz-
Ferreiro et al. (2013) applied a multifractal analysis to vertical 
profiles of soil SPR datasets. They found that SPR exhibited 
a well-defined multifractal structure and these methods added 
complementary information to describe the spatial arrangement 
of depth-dependent penetrometer datasets to those of classical 
statistics. 

The aim of this work was to analyse transect data for SPR at 
different soil depths in each tillage system by using different 
mathematical tools to see what information could be extracted. 

Classical statistical analysis of SPR and two-way analysis 
of variance (ANOVA, tillage system x soil depth), without 
considering spatial structure, were estimated first. Then, a 
multifractal analysis was applied to investigate the structure 
among the scales. 

Materials and methods 

Location of the study 

The study site is in a region of Spain with a strong tradition of 
olive orchards. Because of the high risk of erosion in these 
areas, no-tillage farming with bare soil was set up in some plots 
10 years ago. This gave us an opportunity to study the long-term 
effects of conventional (CT) and no-tillage (NT) systems in these 
olive orchards. 

Field measurements and soil data were obtained on a farm 
that cultivates olive trees, in the village of Puebla de Almenara, 
Cuenca Province (39847042.3700N, 2849029.2300W), at elevation 
~869m amsl. The relief of this site is characterised by two 
Mesozoic mountain ranges in north-south and west-east 
directions, and the depression Tresjuncos-Puebla de Almenara 
between them filled with Tertiary materials (Royo Gómez 2006). 

The soil is classified as an Ochrept, according to Soil 
Taxonomy (Soil Survey Staff 2014). Being a young soil, 
pedogenic processes are evident in colour development or 
structure formation below the surface horizon. The soil at the 
surface is classified as having clay loam texture according to 
Guidelines for Soil Description of FAO (IUSS Working Group 
WRB 2007). The soil consists of clays and red silts with some 
clusters of limestones and sands. 

Fig. 1. View of both plots with conventional tillage and no tillage during the last 10 years. 
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Fig. 2. Daily precipitation (mm) from 01 October 2013 until 07 March 2014 in the area studied. 

The site has been cultivated with olive trees (Olea europaea 
L.) for the last 70 years (Fig. 1). The present study was 
conducted in March–April 2014 after harvest. Cumulative 
rainfall was ~320 mm from October 2013 until the beginning 
of March 2014 (Fig. 2), for which that year was considered 
humid. 

Sampling design and data collection 

Two parallel transects were selected at different soil 
management plots, CT and NT, as shown in Fig. 3 . The 
planting frame of the olive orchard was ~8 m by 10 m and 
the starting point of one transect was in the middle of the first 
frame. In this way, both transects pass two olive trees at 4, 12, 
20, 28, 36m, and so on. 

Measurements of SPR were carried out, in each transect, 
by using an electronic penetrometer (FieldScout SC 900 Soil 
Compaction Meter; Spectrum Technologies Inc., Aurora, IL, 
USA). This instrument has in-depth resolution 2.5 cm and 
measurement resolution 35kPa. The vertical steel cone has 
an angle of 308, the basal diameter is 1.25 cm (ASAE 1986) 
and the SPR units were expressed as kPa. Each dataset was 
collected from 128 points for the case of SPR readings with 
a sampling interval of 50 cm (64-m transect approximately). 
Cone penetrometer readings were taken at five depths: 0–2.5 cm 

Fig. 3. Sketch of the sampling design of the two transect data at 
conventional (CT) and no-till (NT) plots. 
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Fig. 5. Soil penetrometer resistance (SPR) values at different depths along both transects: (a) no-till 
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(0 cm), 5.0–7.5cm (5cm), 10.0–12.5cm (10 cm), 15.0–17.5 cm 
(15 cm) and 20.0–22.5 cm (20 cm) cm. Each sampling point was 
determined by Garmin GPSMAP 60CS (Garmin International, 
Olathe, KS, USA), with a good signal from 10 satellites. 

Relative water content (RWC),volumetric water content 
(VWC) and electrical conductivity (EC) were measured, at 
the same transects, with a sampling interval of 8m based on 
the thesis of Gómez (1998). Both water content parameters 
(RWC, VWC) were estimated with a FieldScout TDR 100 
Soil Moisture Meter. The EC was measured with a model 
HI 993310 Direct Soil Activity and Solution Conductivity 
Measurement Kit (HANNA Instruments, Woonsocket, RI, 
USA). All soil samples and instrument readings of EC and 
water content parameters were obtained within the 0–10cm soil 
layer. 

The RWC is an index value, calculated with respect to upper 
(wet) and lower (dry) VWC set points. On the other hand, VWC 
is the ratio of the volume of water in a given volume of soil to 
the total soil volume. At saturation, the VWC (expressed as a 
percentage) will equal the percentage pore space of the soil 
(Abazi et al. 2013). 

Table 1. Classical statistics of soil penetration resistance sampling in no-till and conventional plots 

Parameter 

Average 
Confidence (95%) 
Median 
Mode 
Standard deviation 
Variance 
Kurtosis 
Skewness 
Min 
Max 

Average 
Confidence (95%) 
Median 
Mode 
Standard deviation 
Variance 
Kurtosis 
Skewness 
Min. 
Max. 

0cm 

410.95 
52.82 
316 
246 

301.98 
91 192.23 

11.50 
2.63 
35 

2211 

428.91 
48.22 
386 
246 

275.67 
75 994.34 

–0.07 
0.85 
70 

1228 

5cm 

No tillage 
933.20 
75.55 
842 
632 

431.94 
186 574.02 

1.38 
1.10 
70 

2491 

Soil depth 
10 cm 

921.11 
74.62 
842 
491 

426.64 
182 020.40 

0.56 
0.92 
175 
2176 

Conventional tillage 
886.81 
81.67 
807 
561 

466.96 
218 050.83 

3.67 
1.50 
105 
3018 

1323.02 
92.08 
1263 
1193 

526.45 
277 151.85 

–0.53 
0.27 
281 
2737 

15 cm 

1197.88 
83.24 
1193 
1193 

475.92 
226 498.56 

0.31 
0.47 
386 
2562 

1832.23 
90.79 
1807.5 
1825 

519.11 
269 471.40 

1.43 
0.63 
456 
3579 

20 cm 

1799.08 
139.96 
1509 
1439 

800.22 
640 384.03 

2.70 
1.64 
737 
4527 

2257.46 
138.08 
2158 
1825 

789.43 
623 207.21 

0.41 
0.77 
421 
4527 

Table 2. Analysis of variance (ANOVA) of two factors with several measures for each group from 5 to 20 cm depth 
Tillage, conventional or no tillage; depth, soil depth; SS, sum of squares; d.f., degrees of freedom; MSS, mean sum of squares; 

F, Fisher value (critical value with a = 0.05) 

Variations 

Tillage 
Depth 
Tillage x depth 
Inside groups 
Total 

SS 

27 517 113.8 
379896423 
2 2179 935.5 
354394626 
783988098 

d.f. 

1 
4 
4 

1270 
1279 

MSS 

27 517 113.800 
94 974 105.600 
5 544 983.88 

279 050.886 

F-value 

98.61 
340.35 

19.87 

Critical F-value 

3.85 
2.38 
2.38 

Multiscale analysis through multifractal spectrum 

The aim of a multifractal analysis is to study how a normalised 
probability distribution of a variable (mi) varies with scale 
(Logsdon et al. 2008). In this sense, the density levels of 
these probabilities are evaluated through the behaviour of a 
range of statistical moments of the partition function (c(q,d)). 
Consider a grid segment of length d covering a part of the 
transect, with total length L. The measure of the ith segment is 
defined Mi(d). We now perform a weighted sum over all 
segments that yields: 

m i q,d) = Mi{d) 

N(d) 1 

For a multifractal measure, c(q,d) will have scaling 
properties (Evertsz and Mandelbrot 1992), namely: 

c (q ,d )~d t (q ) 2) 

being: 



N(d) 

c(q,d) =Y^m qj(d) (3) 

where t (q) is a nonlinear function of q (Feder 1989). For each 
q, t(q) may be obtained as the slope of a log-log plot of c(q,d) 
against d. This method is known as the method of moments 
(Peitgen et al. 1992). 

The singularity index (a) can be determined by the Legendre 
transformation of the t(q) curve (Halsey et al. 1986) as: 

a{q) = 
dtðqÞ 

dq 
(4) 

The number of segments of length d with the same a , Na(d), 
is related to the segment size as Na (d) / d–f(a), where f(a) is a 
scaling exponent of the segment with common a (also defined 
as Hölder exponents). Parameter f(a) (named as Hausdorff 
dimensions) can be calculated as: 

fð a qa(q) - t{q) (5) 

In the case that the variable under study behaves as a 
multifractal measure, the shape of the multifractal spectrum 
(MFS), i.e. a graph of a v. f(a), will be a concave downward 
parabolic shape (Fig. 4). From the MFS, several parameters 
can be calculated to quantify its shape as it is described in 

Fig. 4. The asymmetry of MFS (Df) to the right and left 
indicates scaling domination of small and large values, 
respectively (García Moreno et al. 2008). The width of the 
MFS on singularity indexes (Da), as in the f(a) values (range), 
indicates overall complexity (Tarquis et al. 2001, 2003). 

The Hausdorff dimension calculated for q = 1(a1 = a 
(q = 1) = f(q = 1)) corresponds to the entropy dimension of the 
distribution related to the information or Shannon entropy 
(Shannon and Weaver 1949), and quantifies the degree of 
disorder present in a distribution. According to Andraud 
et al. (1994) and Gouyet (1996) a value of a 1 close to 1.0 
characterises a system uniformly distributed throughout all 
scales, whereas a 1 close to 0 reflects a subset of the scale in 
which the irregularities are concentrated. 

Software used 

For classical statistical tests, XLStat-Pro software (Addinsoft, 
New York) was used. This package is a statistical complement 
for Microsoft Excel that has been developing since 1993. It 
was used to calculate average, confidence limits, standard 
deviation, variance kurtosis, skewness, and minimum and 
maximum penetration resistance values at different soil depth 
and treatments as well as two-way analysis of variance 
(ANOVA). 
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For multifractal analysis, we used our own program written 
in Java, adapted from 2D image analysis (Perrier et al. 2006) 
to series analysis. 

Results and discussion 
Statistical analyses 
Figure 5 shows the SPR data obtained for each transect at five 
soil depths. Both NT and CT graphs highlight that in deeper 
soil layers SPR generally increases, as does its variability. The 
SPR series at 20cm soil depth shows large peaks with a certain 
periodicity, mainly in the CT plot. There is a possible correlation 
between the position of olive trees (marked with arrows in 
Fig. 5) and the maximum values of SPR at 20 cm depth, in 
agreement with previous work (Moreno et al. 1996). 

Table 1 presents the statistical analysis of SPR values, 
extracted in the NT plot, without considering any spatial 
factor. The SPR average increases with soil depth, as expected. 
Considering the confidence limits at 95%, SPR values at 5 and 
10 cm are similar. Kurtosis presents a higher value at 0cm 

(value corresponding to a normal distribution) than at all 
other soil depths. On the other hand, skewness at all depths 
is positive and quite close to values of a normal distribution 
(that correspond a zero value of skewness), again with the 
highest value at 0 cm depth. Variance increases with soil 
depth, the greatest variance being in the deepest layer (20 cm). 

Applying the same study to CT SPR data (Table 1), again 
there is a tendency for SPR average values to increase with 
increasing depth. However, the kurtosis and skewness are 
smaller than in the NT data. With respect to the variance, CT 
shows a similar increase with respect to soil depth and order of 
magnitude. 

As shown by kurtoses and skewness, SPR values differ from 
the normal distribution; therefore, we applied the Kolmogorov– 
Smirnov test to evaluate whether normality can be assumed for 
these values with a confidence of 95% (Corder and Foreman 
2014). In all cases from 5 to 20 cm depth this assumption was 
correct, with the worst case being at 5cm soil depth in an NT 
transect, giving Dmax = 0.0083, with the limit D (n= 128, a = 0 . 0 5 ) = 
0.1202. 
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Table 3. Parameters extracted from the multifractal spectrum based on soil penetration resistance measure 
(SPR) in no-till and conventional tillage plots 

Holder exponent at q= –5 (amax), at q= 1 (a1), at q = +5 (amin), and amax – amin (Da). Hausdorff dimension at amax 

(f(amax)), at amin (f(amin)) and f(amax) – f(amin) (Df). Range is the range of Hausdorff dimension values: (max(f(a)) – 
min(f(amax),f(amin))) 

Soil depth 

0 cm 
5 cm 
10 cm 
15 cm 
20 cm 

0 cm 
5 cm 
10 cm 
15 cm 
20 cm 

amin 

0.726 
0.864 
0.866 
0.933 
0.901 

0.844 
0.846 
0.911 
0.965 
0.847 

a1 

0.970 
0.984 
0.982 
0.988 
0.987 

0.967 
0.978 
0.984 
0.996 
0.986 

amax 

1.203 
1.108 
1.158 
1.200 
1.184 

Da 

No tillage 
0.477 
0.244 
0.292 
0.267 
0.283 

f(amin) 

0.315 
0.652 
0.669 
0.841 
0.75 

Conventional tillage 
1.305 
1.232 
1.167 
1.044 
1.071 

0.461 
0.386 
0.256 
0.079 
0.224 

0.667 
0.623 
0.799 
0.908 
0.591 

f(amax) 

0.626 
0.82 
0.699 
0.55 
0.582 

0.452 
0.536 
0.686 
0.906 
0.884 

Df 

0.311 
0.168 
0.030 

–0.291 
–0.168 

–0.215 
–0.087 
–0.113 
–0.002 

0.293 

range 

0.685 
0.348 
0.331 
0.450 
0.418 

0.548 
0.464 
0.314 
0.094 
0.409 

The next step was to perform a two-factor ANOVA to study 
whether significant differences exist among tillage systems 
and soil depth, excluding 0cm depth (Table 2). The results 
show that both factors and their interaction are significant at 
95% confidence, with all of the F-values higher than the F 
critical value. 

Water content is well known to influence soil SPR values. 
For this reason, measurements were taken in both transects. 
Average values in NT plot were RWC 30, VWC 38.8% and EC 
1.28mScm–1, and in CT plots RWC 28, VWC 36.2% and EC 
1.15 mScm – 1 . These parameters are higher in the NT plot than 
the CT, in accord with results published previously by several 
authors (Abazi et al. 2013 and references therein). 

Multifractal spectrum 

A multifractal analysis was applied to the SPR variable for each 
of the series obtained. In all cases, we found a linear relationship 
in the log-log plot of the partition function (c(q,d)) v. length of 
the scale (d), with R >0.98 (see Fig. 6a as an example). 

From the slope estimated for each mass exponent (q), 
a nonlinear t(q) function was obtained (Fig. 6b) reflecting a 
hierarchical structure from one scale to the other with a value for 
q=1, t(q= 1) = 0, indicating the conservative character of the 
variable. Therefore, we estimated the MFS in an interval of 
q = ±5 with increments of 0.5 (Fig. 7). 

All of the MFS were concave downward parabolic curves 
(Fig. 7) with a variable symmetry depending on the studied SPR 
depth-dependent profiles and the tillage system applied. In a 
fractal system, the MFS is shown as a single point; therefore, our 
results support the hypothesis of a multifractal behaviour, rather 
than fractal, of SPR profiles. From all of the graphs plotted, 
two depths highlight a difference in the MFS from both tillage 
systems. At 10 cm, the right part of the MFS is almost identical, 
showing difference only in the q positive values (left part). 
Beside this, at 15 cm, the MFS of CT is symmetrical and with 
quite highf(a) values; meanwhile, NT shows evident asymmetry 
and with a large variation inf(a) values. 

At 0 and 5 cm depths (Fig. 7a, b), where no significant 
differences were observed in the SPR data between CT and 

NT, the MFS showed large differences in amplitudes and 
symmetries. Both can be quantified with the difference of the 
extreme singularities (Da=am a x – amin) and the difference of 
their respective f(a) values (Df = f(amax) – f(amin), as can be 
seen in Table 3 for NT and CT systems. In this way, the higher 
the Da, the higher is the complexity of the structure studied in 
the transect; and the higher the Df, the higher is the asymmetry 
presented in the MFS (left handed if Df < 0 and right handed if 
Df> 0). 

Studying the evolution of Da with depth, for both tillage 
systems, we see that in the surface, they are very similar; then at 
5 and 10cm, Da presents slight differences. At 15 and 20 cm, Da 
for NT is higher than for CT, illustrating the effect of the tillage 
tool in breaking the hierarchical spatial structure among scales. 
The range of multifractal values (range in Table 3) presents the 
same pattern as Da, showing that NT has higher range than CT 
except in the deepest layer, where both are similar. 

With respect to Df behaviour with depth (Table 3), the 
systems show opposite trends. Under CT with depth, Df 
begins on the left-hand side of the MFS and moves to the 
right-hand side. This implies that closer to the surface, the higher 
values are influencing the scaling behaviour, and deeper, the 
lower values drive the scaling. Under NT with depth, Df begins 
on the right-hand of the MFS and evolves to the left-hand side. 

Finally, both tillage systems show an increase in a 1 with 
soil depth, ranging from 0.967 to 0.996; this indicates an 
increase in the homogeneity of the SPR values along both 
transects. However, the deepest layer breaks this tendency, 
decreasing to a value ~0.987. 

Conclusions 

The study of SPR profiles from depths 0–2.5 cm to 20–22.5 cm 
on transect data shows differences between conventional and 
no tillage during the last 10 years in an olive orchard. 

Spatial SPR profiles at different depths show different 
patterns, and in general, the values increased with depth and 
they were influenced by olive tree position, as suggested by 
other authors. Two-way ANOVA for 5–20 cm depth with 
respect to tillage system and depth was applied to both 



transect data. The results show that both factors and their 
interaction are statistically significant. 

The SPR profiles behave like a multifractal system and its 
multifractal structure was represented by the MFS, a v. f(a). 
Various degrees of multifractality were present in our data 
series, and the highest corresponded to the SPR spatial profile 
in the NT system at the surface (0–2.5 cm), described by an 
irregular multimodal pattern of variation in space. 

Overall, MFS symmetry (reflected by Df) showed a different 
pattern in each tillage system, in the case of CT, from being 
shifted to the right then evolving to being shifted to the left 
with soil depth. Meanwhile, NT showed the opposite pattern. 
The width (Da) and range (range) of the MFS behave similarly 
in both tillage systems, decreasing with soil depth until 20 cm 
layer then beginning to increase again. The entropy dimension, 
a1, varied between 0.967 until 0.996, increasing with soil depth 
until 15–17.5 cm, indicating an increase in the homogeneity of 
the SPR values in both tillage systems. This tendency is broken 
at 20cm, where a 1 increased. These observations highlight in 
both transects a tendency with soil depth that is broken at 
20–22.5 cm. 

Multifractal analysis complemented classical statistics, 
yielding information about changes with scale of the values 
and variations. This gives a deeper insight to the inner structure 
of SPR spatial or depth dependent profiles. Therefore, multifractal 
analysis is a useful method to amplify differences between 
SPR profiles and contributed to distinguishing them in more 
detail. In addition, the combination of ANOVA and multifractal 
analysis appears to be a useful tool to study soil compaction. 
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