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Abstract: Vegetation indices time series analysis is increasingly improved for characterizing agricultural land processes. However, this is challenging because of the multeity of factors affecting
vegetation growth. In semiarid regions the rainfall, the soil properties and climate are strongly
correlated with crop growth. These relationships are commonly analyzed using the normalized
difference vegetation index (NDVI). NDVI series from two sites, belonging to different agroclimatic
zones, were examined, decomposing them into the overall average pattern, residuals, and anomalies
series. All of them were studied by applying the concept of the generalized Hurst exponent. This is
derived from the generalized structure function, which characterizes the series’ scaling properties.
The cycle pattern of NDVI series from both zones presented differences that could be explained by
the differences in the climatic precipitation pattern and soil characteristics. The significant differences
found in the soil reflectance bands confirm the differences in both sites. The scaling properties of
NDVI original series were confirmed with Hurst exponents higher than 0.5 showing a persistent
structure. The opposite was found when analyzing the residual and the anomaly series with a
stronger anti-persistent character. These findings reveal the influences of soil–climate interactions in
the dynamic of NDVI series of rainfed cereals in the semiarid.
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1. Introduction
In the Spanish Mediterranean environments, rainfed cereal crops are grown mainly in
the arid and semiarid areas, where dry land farming is of renewed interest in the view of
sustainability [1,2]. The fundamental characteristics of the Mediterranean-climatic regions
are cool wet winters and hot dry summers. The rainfall pattern coupled with the high
rates of evaporation during late spring and summer result in water being an important
limitation to agricultural productivity. In previous work, some observations with rainfed
cereal monoculture sequences were identified in North-Central Spain cereal steppes [3].
These monoculture sequences represent an issue for soil degradation and basin water
balance in this area.
Monitoring crop development in agricultural zones is a challenging task with several
agronomical applications [4]. Satellite-derived vegetation indexes (VIs) are measures
related to surface reflectance commonly used to characterize the spatial and temporal
vegetation dynamics [4,5]. Remote sensing provides temporal and spatial patterns of
agroecosystem change and has been used to estimate the biophysical characteristics of
crops and grasslands [6,7]. Normalized difference vegetative index (NDVI) is commonly
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used in this type of evaluation [8–10]. However, NDVI long-term series from rainfed cereal
monoculture sequences have not been studied, although it is an important factor of soil
degradation in semiarid areas [11–13].
The variation in climatic conditions (i.e., seasonal and inter-annual changes) allows a
wide spectrum of dynamic characteristics [14,15]. In addition, soils in which vegetation
has been developed are also an important part to understand VIs response [16–18]. The
analysis of these series can describe the vegetation dynamics driven by soil and climate
characteristics. Therefore, a set of combined processes occurs at different times and scales,
creating complex dynamics during the crop development [19]. However, many quantitative
methods ignore the fact that these dynamics are inherently non-linear. Research including
this characteristic is based on the persistent character, or long-term memory, of a VI
series studying the time scaling of its variance through Hurst index. One of the first
works applying this type of analysis on NDVI series can be found in [20]. In this line,
Peng et al. [21] investigated in quantifying the consistency of vegetation dynamic trends
using Hurst index, sometimes named as Hurst exponent too. These works and later several
ones [22–26] among others, have used the Rescaled Range Analysis (R/S analysis) method
to estimate the Hurst index of NDVI series. Hurst index is one of the generalized Hurst
indexes extracted by applying the Generalized Structure Function (GSF) widely used in
the turbulence context [27]. GSF focuses on the absolute values of the differences that
occur at different time scales, and it represents an excellent tool to study the dynamic of a
series from a multiscaling point of view, as explained in the materials and methods section
of this study. Recently, several works have approached the study of NDVI series using
multiscaling analysis [28,29].
This work aims to investigate NDVI series of rainfed cereal crop in two contrasting
agroclimatic zones in North-Central Spain. With this purpose, the GSF was implemented
to analyze both zones at different scales characterizing in this way soil-plant-climate
interaction.
2. Materials and Methods
2.1. Site Description and Zones Selection
The study area is in North-Central Spain in the midlands of the Eresma-Adaja River
system [3], as shown in Figure 1, overlapping with most of the Avila and Segovia provinces.
The area covers 200,197 ha, of which 70% is mainly used for rainfed barley and wheat and
14% are other crops (e.g., canola, sunflower, and peas), as the most typical rainfed crops
in the area. These rainfed cereals are part of the most representative features of the crop
rotation sequence in the area. A total of two different sites have been chosen based on a
digital soil mapping.
The digital soil map used in this work is based in a previous study [30] and is employed
to discriminate soils of agroclimatic zones. This map uses the self-organizing map (SOM)
algorithm [31] to facilitate the clustering of similar soil properties and provide a spatial
arrangement of these in clusters. The map was defined based on similar soil properties in
the area from gridded soil survey points [32].
SOM soil unit 5 in sub-basin 50 (SOM5) and SOM soil unit 15 in sub-basin 24 (SOM15)
were selected for this study (Figure 1). The SOM5 unit corresponds to Luvisol and its
texture is sandy clay loam and the SOM15 unit as a Cambisol, a loamy sandy soil according
to the textural triangle [33,34]. The Cambisols and Luvisols are the most representative
soils in the area, being derived partially from limestone weathering and sand deposits [35].
Since both sites are the intersection of soil units and sub-basin, not all the area from the soil
units or sub-basin was used and only intersected areas as shown in Figure 1.
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Figure 1. Location of the two agroclimatic zones as case study in the midlands of Eresma-Adaja (EA) watershed. Selected
areas with similar edaphoclimatic conditions, denoted as SOM5 and SOM15 that overlies the subbasins 50 and 24 respectively,
adapted from [30].

2.2. Soil and Weather
The two soil units selected present contrasting characteristics (Table 1) and define
different agroclimatic zones, one in the East (i.e., loamy sand soil) and other in the West
(i.e., sandy clay loam soil). The physical properties of both zones, and the weather, are
important factors for vegetation development.
Table 1. Soil and topographic characteristics of Self-Organizing soil units SOM5 and SOM15 in the
midlands of Eresma-Adaja basin. The deviation is showed in round brackets.
SOM Unit

SOM_05

SOM15

Slope [%]
Altitude [MASL]
Clay [%]
Sand [%]
Silt [%]
Organic Matter [%]
Bulk density [g/cm3 ]
Carbon content [%]
Available water content [mm H2 O]
Hydraulic Conductivity [mm/hr]
Soil moist albedo [ratio]
Effective Soil depth [mm]

1–16
925–1050
29 (5.2)
56 (4.6)
14 (4.4)
0.9 (0.10)
1420 (145)
0.5 (0.08)
10.1 (0.7)
150 (88)
0.08 (0.010)
1100

1–17
888–912
4 (3)
84 (3.9)
12 (3.5)
1.7 (0.15)
1839 (129)
1.0 (0.09)
5.8 (0.7)
2890 (981)
0.03 (0.005)
825

The climate data, such as daily precipitation and mean temperatures, are approximately homogeneous when a smaller order of sub-basins is considered [36,37] at it is in
this case. For each sub-basin, the climatic data was built from near stations to the sub-basin
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centroid using the Thiessen polygon method—TPM [38]; more details about weather allocation and TPM sub-basin assignation can be found in [3]. The monthly weather average
conditions of temperature and precipitation are shown in Table 2 for all hydrological years,
starting in October and ending in September, between 2000 and 2019.
In this way, the climate and soil conditions for both agroclimatic zones, SOM5 and
SOM15 are defined.
Table 2. Monthly average values of precipitation (Pcp), maximum temperature (Tmax), average temperature (Tavg),
minimum temperature (Tmin). Study period from 2000–2019.
OCT

NOV

DIC

JAN

FEB

MAR

APR

MAY

JUN

JUL

AUG

SEPT

Annual
Values

57.0
20.2
13.0
5.8

31.7
26.9
18.8
10.6

14.5
30.2
21.3
12.5

13.8
30.1
21.7
13.3

27.1
25.6
18.1
10.6

499.1
18.0
11.9
5.7

50.5
20.0
12.8
5.7

31.2
26.8
18.5
10.2

12.6
30.0
21.0
12.1

16.4
29.9
21.4
12.8

25.3
25.4
17.9
10.4

430.4
17.9
11.7
5.5

Sub-basin 50 (SOM5)
Pcp [mm]
Tmax [◦ C]
Tavg [◦ C]
Tmin [◦ C]

67.1
18.2
12.8
7.3

59.7
11.0
6.9
2.8

40.1
8.3
4.4
0.4

52.3
8.0
4.0
0.0

39.0
9.4
4.6
−0.1

40.7
13.0
7.4
1.8

56.1
15.6
9.4
3.2

Sub-basin 24 (SOM15)
Pcp [mm]
Tmax [◦ C]
Tavg [◦ C]
Tmin [◦ C]

61.2
17.9
12.6
7.2

45.5
11.0
6.9
2.8

34.2
8.3
4.4
0.4

36.5
8.1
3.9
−0.2

30.7
9.4
4.6
−0.2

36.0
12.8
7.2
1.6

50.3
15.4
9.2
3.0

2.3. Earth Observation Data
The MODIS-Terra MOD13Q1 V06 product at 250 m spatial resolution and 16-day
composite images [39] from 2000 to 2019 (460 images) were used for single spectral bands
(blue, red, near-infrared (NIR) and mid-infrared (MIR)) and for NDVI. Image dates were
considered using the day of year (DOY).
The extracted bands and NDVI from MOD13Q1 comprise data from 02-01/2000 (DOY
33 of 2000) to 19-12-2019 (DOY 353 of 2019) that were checked through the quality and
reliability pixel index of MODIS data, and only high-quality pixels (rank key = 0) were
filtered for the series. It is important to highlight that the 16-day composite NDVI series are
generated using the two 8-day composite surface reflectance granules (MOD09A1) in the
16-day period considered one of the most spatiotemporal reliable products of MODIS [39].
The data extraction from the MODIS product was performed using the Google Earth
Engine [40], and the scripts are provided in the Appendix A.
2.4. Plots and Pixels Selection Criteria
A workflow that illustrates the procedure of the sampling method of this work is
shown in Figure 2. In both sites selected, SOM5 and SOM15, 4911 plots of monoculture
cereal patterns were identified from the crop rotations. This selection was performed
analyzing the land cover classification data of the Agrarian Technological Institute of
Castilla and Leon (ITACyL) [32] in the Eresma-Adaja midlands.
For pixel selection in these plots, two conditions were applied based on the work
of [41]. The selected centroid plot has to (i) buffer in at least 2 pixels from the sub-basin
bounds and (ii) guarantee a minimal distance of two times the diagonal pixel size plus
1 m (D = 707.1 m) between centroids to avoid re-sampling the same pixel and avoid the
sub-basin bounds effect.
Finally, pixels from ten plots were selected and considered representative monoculture
parcels during the study period, five plots in each zone.

2.4. Plots and Pixels Selection Criteria
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2.5.
Soils Reflectance
An analysis of variance ANOVA was applied for each spectral band value at that date
With the purpose to validate the difference in soils between SOM5 and SOM15, the
during the study years to compare SOM5 and SOM15. Previously, a normality test was
soil reflectance was analyzed to see if statistically significant differences were found using
conducted for each spectral band and zone to confirm the suitability to apply this type
all bands from MOD13Q1. Some previous studies report that NIR, RED, MIR and Blue
of analysis.
Additionally, the relation between NIR (0.7–1.1 µm) and red (0.6–0.7 µm) reflectance
bands over bare soils, named the soil line (SL) [44,45], was used to compare both zones.
The SL is identified from a graph of the NIR band against the red band. The function
for bare soil line (BSL) was used to calculate it from Landsat package in R [46] for each
site. This algorithm uses the quantile method to take the lowest set of points, those with
an NIR/red ratio less than the limit-th quantile, in this case, defined as 0.1. Then, these
points were used in a linear regression to estimate the slope that is identified as BSL. This
line serves as a reference line and is useful to distinguish different land covers from soil
until the full canopy point (maximum vegetation) in which NIR/red ratio greater than
the limit-th quantile, and with high NIR values [46,47]. From the BSL line, the slope of
this linear function represents each sensed region and differences from this slope between
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regions, suggest that soil reflectance can be because of different soil properties or unique
soil type [48–50].
2.6. NDVI Series and Statistics
NDVI time series was calculated as the average from the 5 selected parcels per zone
and each date (NDVI original). These series cover from 2000 till 2019, having 23 data points
per year (n = 23) and a length of 460 values.
Some depressed values of the series were pre-processed through the Savitzky–Golay
filter [51] to smooth the time series, specifically those that were caused primarily by cloud
contamination and atmospheric variability [52].
A cycle pattern was calculated by averaging values per DOY across all crop seasons
in each zone. Then this cycle pattern was extracted using NDVI original series. Based on
this cycle pattern, an NDVI average value from the crop cycle was used to compare both
zones. Additionally, the relation between the precipitation and NDVI was studied through
the correlation of the accumulated variables during the period of the year where a clear
increase in the vegetation index is observed; this is between January to May [53].
Finally, the Mann–Kendall test was applied for each NDVI original series to determine
whether there was any significant trend following [22]. This is an important point for
time series method selection, because if a trend is detected, a detrended method should be
applied before the multiscaling analysis [27].
Beside the NDVI original series, two additional series were extracted. The first one
was obtained by subtracting the cycle pattern from the NDVI original series, and this was
named the NDVI residual. Performing this operation, the seasonality of the series was
removed. In many studies, this NDVI residual is considered an anomaly and it is employed
to assess the current state of crops and rangeland [8]. However, different types of anomalies
can be found in the literature [9]. In this study, z-score anomaly was chosen as a difference
between NDVI average and its value at a date in a year that could be significant or not.
This is depending on the dispersion of NDVI values that has normally at that date. The
second one was obtained by dividing the NDVI residual by the standard deviation (SD)
of NDVI values per date, obtaining the NDVI anomaly commonly used in the studies of
extreme events [4].
These three types of series, for each site, were analyzed with the Generalized Structure
Function that is explained in the next section.
2.7. Generalised Structure Function (GSF)
The GSF implies of the statistical assessment of nonoverlapping fluctuations across
different increments of scales in the time series. The analysis comprises the comparison
of statistical moments of the series for each scale increment [54]. A multiscale behavior
of the series can be identified when statistical moments are invariant at different scale
increments [27].
The time series is considered a f (ti ), (i = 1, 2, 3, . . . , N) in which the fluctuations
are assessed. These fluctuations can follow a random behavior (Brownian motion) in
which the variance is proportional to time intervals of ti and can be computed through
p
the Hurst exponent H:
∆ f 2 ∝ (∆t) H where H is the power exponent in the range of
0.00 < H < 1.00 [55]. A Hurst equal to 0.50 indicates Brownian motion and characterizes
non-memory signals. For Values from 0.50 < H < 1.00, the signal is persistent, showing
a trending behavior in which the past signal influences the following data sequence and
for H. Values ranging 0.00 < H < 0.50 are referred to as the most common signal in nature
and show anti-persistent behavior. When the series is anti-persistent, this suggests that
the series shows sensitivity to external forces with short-term variations. Thus, an increase
will most likely be followed by a decrease or vice-versa (i.e., values will tend to revert to a
mean). This means that future values tend to return to a long-term mean.
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The scaling analysis consists of generalizing the structure function S (Equation (1))
with stationary gradients for q > 0 [56] defined as:
Sq (∆i ) ≡ h(| f (ti + ∆i ) − f (ti )|)q i

(1)

Sq (∆i ) = Cq ∆iζ (q) = Cq ∆iqH (q) ≈ ∆iζ (q) .

(2)

where i is the ith data of the sequence, and q can be any real number including negative
values [27]. The Cq parameter is scalar depending on q at any power of ∆i, suggesting in
this case that q has a variable relationship with H and ζ (q) is the exponent of the structure
function (Equation (2)). Thus, the exponent H can be defined for a hierarchy using the
ζ (q) as:
ζ (q)
H (q) =
(3)
q
If the plot ζ (q) against q shows a linear behavior, this behavior is related to monofractal
signals. However, if the line is nonlinear, the behavior is related to multifractal signals [57].
The multifractality of the signal can be interpreted as that each statistical moment of
fluctuations values presents different time scaling patterns. A monofractal signal will
present the same scaling pattern for all these statistical moments.
3. Results
3.1. Soils Reflectance Statistics
The descriptive statistics of the spectral bands at the time that bare soil is predominant
are shown in Table 3. To confirm that both zones, SOM5 and SOM15, values come from a
normal distribution; two tests were performed to ensure normality of the data. Shapiro–
Wilk and Kolmogorov–Smirnov tests were conducted with p-value > 0.05 (see Table 3).
Observing the mean values of the spectral bands studied, always SOM5 presents lower
values than SOM15.
Table 3. Statistics of MOD13Q spectral bands series for SOM5 and SOM15 for DOY 49 associated to
bare soil as predominant condition for the period 2000 to 2019.
Reflectance Bands
NIR

RED

Blue

MIR

SOM soil unit

5

15

5

15

5

15

5

15

Mean
Typical error
Median
Standard
deviation
Kurtosis
Skewness
Count

0.294
0.009
0.290

0.343
0.011
0.332

0.133
0.004
0.136

0.161
0.006
0.161

0.063
0.002
0.064

0.076
0.003
0.076

0.177
0.011
0.185

0.232
0.016
0.222

0.038

0.051

0.018

0.028

0.010

0.012

0.049

0.071

−0.553
0.005
20

−0.707
0.412
20

−0.122
−0.607
20

−0.906
0.006
20

−0.548
−0.229
20

−0.636
−0.217
20

−1.184
−0.331
20

−0.421
0.583
20

0.971
0.971

0.973
0.808

0.964
0.624

0.959
0.523

0.912

0.969

0.987

Normality test
Shapiro–Wilk
Statistic
P-value

0.932
0.170

0.922
0.108

0.955
0.442

0.965
0.644

Kolmogorov–Smirnov
P-value

0.776

0.749

0.932

0.898

0.934

The dates in which tillage operations match with sensed dates serve as references to
assess and compare the soil reflectance from SOM5 and SOM15. From those dates, we
performed an ANOVA, showing that there are significant differences between the two soil
units across all the single bands (Table 4). These results suggest that the mean confidence
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intervals between SOM5 and SOM15 of reflectance responses are statistically different
(Figure 3) confirming the difference of both soils.
Table 4. Analysis of variance (ANOVA) showing significant statistical differences (p-value < 0.01) for single bands (NIR,
Red, Blue and MIR) for the two soil units SOM5 and SOM15.
Source

Sum of Squares

Degrees of Freedom

Mean Square

F-Ratio

p-Value

0.024
0.078
0.103

1
38
39

0.024
0.002

11.93

0.001

0.008
0.021
0.029

1
38
39

0.008
0.001

14.67

0.001

0.002
0.005
0.006

1
38
39

0.002
0.000

13.51

0.001

0.030
0.142
0.172

1
38
39

0.030
0.004

8.03

0.007

NIR
Between SOMs
Within SOMs
Total (corrected)
Red
Between SOMs
Within SOMs
Total (corrected)
Blue
Between SOMs
Within SOMs
Total (corrected)
MIR
Between SOMs
Within SOMs
Total (corrected)

Figure 3. Intervals of confidence plots from the Least Significant Difference test (LSD) for SOM5 and
SOM15 at DOY 49. (a) NIR, (b) Red, (c) Blue, (d) MIR mean band values.
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The estimation of BSL for both zones presented different values (Figure 4). The SOM5
10 of 23
unit presents a higher slope value than that of SOM15. The p-value < 0.05 for the ANOVA
test applied to these results confirms statistical differences in slopes and intercepts (Table 5).

Remote Sens. 2021, 13, x FOR PEER REVIEW

Figure
4. Soil
lines
forfor
SOM5
andand
SOM15
soilsoil
units.
NIR
and
Red
values
forfor
DOY
49 49
in the
period
2000
to 2019.
Slope
of of
Figure
4. Soil
lines
SOM5
SOM15
units.
NIR
and
Red
values
DOY
in the
period
2000
to 2019.
Slope
linear
regression
indicates
bare
soil
line
(BSL)
value
which
identifies
the
lowest
NIR
values
for
each
level
of
red.
linear regression indicates bare soil line (BSL) value which identifies the lowest NIR values for each level of red.
Table
Statistical
significance of bare soil lines (BSL) for SOM5 and SOM15.
3.2.5.NDVI
Statistics

NDVI series
for SOM5
are shown inF-Ratio
Figure 5. From
October to
Source
Sumpatterns
of Squares
Df and SOM15
Mean Square
p-Value
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1
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to February, there is a smooth increase because of cereal dormancy with a light growth
by the end of fall period. Then, the growth is almost stopped during the winter and the
plant growth is recovered by early spring days. Then, March and April present significant
increases in NDVI values, followed by a decrease during May and June when the crop
cycle finished. The range of mean NDVI values in the yearly cycle goes from 0.22, in a
wide part of fallow, till 0.60 at the end of April.

Remote Sens. 2021, 13, 568

10 of 21

Figure 5. Average of NDVI for each DOY and for monoculture cereals crop cycle of SOM5 and SOM15 in comparison with
precipitation (bars) for the period 2000 to 2019. The x-axis indicates Day of the Year (DOY) and the cycle starts in October as
the same as hydrological cycle in Spain.

The rain series patterns are also shown in Figure 5. The months with highest rain are
October, April, and May for both sites. Looking at Figure 5 and at Table 2, SOM5 presents a
higher precipitation than SOM15 in almost all the months. However, during the crop cycle
the highest NDVI values are achieved at SOM15. When ANOVA applies to the average
NDVI value of the crop cycle, from March to June, of each zone a significant difference,
with a confidence level of 99% and p-values < 0.01 (Table 6), is got. This confirms the visual
observation of Figure 5.
Table 6. Analysis of variance (ANOVA) of NDVI for the two sampling sites SOM5 and SOM15 using
the average index value of the plots for each sensing date range between March and June from 2000
to 2019.
Sum of
Squares

Degrees of
Freedom

Mean Square

F-Ratio

p-Value

Between SOMs

0.112

1

0.112

10.15

0.002

Whitin SOMs

2.635

238

0.011

Total (corrected)

2.747

239

Source
NDVI

To study the correlation of both variables, NDVI and precipitation patterns, first, they
were accumulated from January (DOY 01) till May (DOY 145) for each zone to relate NDVI
with precipitation during the crop cycle period (Figure 6). The crop cycle frequently starts
around DOY 49 and cumulative of NDVI was considered from DOY 1 to consider also
precedent soil moisture conditions. There is a linear relation between the accumulated
precipitation and the accumulated NDVI values, with a R2 higher than 0.95 in both sites.
However, the slope of each one presents different values.
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Figure 6. Linear correlation between accumulated values of precipitation and NDVI patterns from
January (DOY 01) to May (DOY 145).

Finally, both NDVI original series did not present a significant trend in the range of
years studied in this work at a confidence level of 0.05 (−1.96 ≤ Z ≤ +1.96).
3.3. Scaling Characteristics of NDVI Original Series
Figure 7a shows NDVI original series for both zones, from this is easy to recognize a
13 of 23
yearly cycle with valleys presenting values around 0.2 and peaks above 0.6 in some years
and other present lower values. In SOM15 there is a clear year, 2009, with the lowest values
of NDVI that in SOM5 does not present. However, in SOM5 there is a peak in 2000 and low
NDVI values in 2009 and 2014.
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The multiscaling analysis of both sites is showed in Figure 8. The scaling pattern
was obtained approximately with lags from 1 to 8, corresponding to 16 days till 4 months
approximately. Both scaling patterns present a strong persistent character with a GSF
above the straight line of the uncorrelated noise. As we can see in the Generalized Hurst
exponents (GHE), they present a significant variation in the Hurst exponent depending
on q value showing their multifractality. This can be observed in the difference of both
extremes (∆H(q)) showed in Table 7 for both sites. In all the parameters, SOM15 presents
higher values than SOM5. Values for q exponent ranging from 0 to 5 with an increment of
0.25 are frequently used for this analysis. In other studies have also been used this range
and step [58]. Higher q values are also associated with higher errors in the GSF, values for
q below 5 are useful to confirm scaling behavior [59].

Figure 8. Generalized Structure Function plots for NDVI original series of SOM5 (left column in
blue) and SOM15 (right column in red) for: (a) ζ(q) curve and (b) Generalized Hurst exponent H(q),
continuous line correspond to non-correlated noise with Hurst value of 0.5.
Table 7. Multifractal parameters for each zone and each NDVI series. H(q = 1) generalized Hurst
index for q = 1; H(q = 2), generalizes Hurst index for q = 2; ∆H(q) = H(q = 0.25) − H(q = 4).
Zone

NDVI Series

H(q = 1)

H(q = 2)

∆H(q)

SOM5

Original
Residual
anomaly

0.78
0.41
0.40

0.70
0.37
0.37

0.40
0.12
0.09

SOM15

Original
Residual
anomaly

0.80
0.46
0.37

0.70
0.43
0.34

0.40
0.14
0.09

Looking at the common Hurst index (H(q = 2)), both series present persistent values of
0.70 for SOM5 and SOM15. As both GSFs present a slight curvature and H(q = 1) is higher
than 0.50 the extraction of the seasonal trend is recommended [27].
3.4. Scaling Characteristics of NDVI Residual and Anomaly Series
Once the seasonal cycle has been extracted from the original NDVI series, NDVI
residual series presents a distinct pattern (Figure 7b). All the differences are in the range of
0.25 and −0.25, pointing out with positive values the moments above the mean for that
date of the year and with negative values the moments under the mean for that date of
the year. The observations mentioned in NDVI original series are more marked here. The
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highest negative value is found in 2009 in SOM5, and the highest positive value is founded
in 2000 in SOM15.
The GSF and GHE reflect the change in the pattern of these series (Figures 9 and 10).
Again, the scaling behavior is founded from 16 days till 4 months. Both series present
a strong anti-persistent character with a GSF under the straight line of the uncorrelated
noise. As we can see in the Generalized Hurst exponents (GHE), they present a significant
variation in the Hurst exponent depending on q value showing their multifractality. This
can be observed in the difference of both extremes (∆H(q)) showed in Table 7 for both sites.
Both curves, GSF and GHE, are similar for both sites. However, SOM15 presents higher
values than SOM5 but very similar ∆H(q).

Figure 9. Generalized Structure Function plots for NDVI residual series of SOM5 (left column in
blue) and SOM15 (right column in red) for: (a) ζ(q) curve and (b) Generalized Hurst exponent H(q),
continuous line correspond to non-correlated noise with Hurst value of 0.5.

Figure 10. Generalized Structure Function plots for NDVI anomaly series of SOM5 (left column in
blue) and SOM15 (right column in red) for: (a) ζ(q) curve and (b) Generalized Hurst exponent H(q),
continuous line correspond to non-correlated noise with Hurst value of 0.5.
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Looking at the common Hurst index (H(q = 2)), both series present anti-persistent
values of 0.37 and 0.43 in SOM5 and SOM15, respectively.
NDVI anomaly series have been obtained by applying a z-score to NDVI original
series and present a similar pattern that NDVI residual one (Figure 7c). Comparing these
last two series, the z-score has a smooth effect as it has been divided by the standard
deviation of NDVI values of that date. Therefore, dates with high SD reduce the value
obtained in the anomaly series compared to the residual one.
This effect of smoothing in certain dates of the z-score is reflected in the multifractal
parameters got. The GSF and GHE present less curvature and a visual inspection reflects
almost a straight line (Figure 10). Again, the scaling behaviour is founded from 16 days till
4 months. Both areas present an anti-persistent character with a GSF under the straight
line of the uncorrelated noise. As we can see in the Generalised Hurst exponents (GHE),
they present a lower variation in the Hurst exponent if we compare them with the ones got
for NDVI residual series. This can be observed in the difference of both extremes (∆H(q))
showed in Table 7 for both sites showing a value lower than 0.14. Both curves, GSF and
GHE, are similar for both sites. However, SOM15 presents higher values than SOM5, as
NDVI original series.
Both anomaly series present anti-persistent values in H(q = 2), of 0.37 in SOM5 and
0.34 in SOM15. These values are higher than in the case of NDVI residual series. Therefore,
NDVI anomaly series are less anti-persistent and with a weaker multifractal character than
NDVI residual series.
4. Discussion
4.1. Agroclimatic Zone and NDVI Patterns
NDVI series in this case covers two reflectance surfaces, bare soil from inter-crop
period (i.e., fallow) and cereal crop season. The first one is clearly defined and is the date
on which bare soil is completely exposed to the atmosphere; this is after tillage operations.
On these dates, analysis of variance shows that the SOM5 and SOM15 units are spectrally
different. This situation is probably true because of different topsoil soil properties (textural,
physical, and chemical) and can be supported by the SOM soil unit algorithm data. From
Table 2, which lists the topsoil properties of SOM5 and SOM15, the clay and sand contents
are the fundamental properties that vary between the soil units. There is a relationship
between low clay content and high reflectance values. Similar findings were reported
using Landsat sensors by [60], who stated the usefulness of band data to quantify topsoil
attributes related to a previous soil classification, such as clay content.
However, the previous soil moisture condition is essential and influences the soil
reflectance of each band [61,62]. Furthermore, reflectance differences are also observed
between the years. This result can be compared by analyzing the sub-basin precipitation
regime (see Figure 5). From this, we can suggest that reflectance is not only different between soil units but also important, bearing in mind that previous soil moisture conditions
influence reflectance in soils. This was described in the early 2000s by [63]. Nevertheless,
the least significant difference (LSD) plots of Figure 3 consider the soil moisture state under
the two situations, both with dry soil and wet soil years. The reflectance of dry soil is
frequently higher than wet soils [64,65], and in this case, SOM15 site is drier than SOM5.
This is because some moisture is needed for tillage and, in SOM5, most of the previous
days were rainy days. This situation suggests that bare soil reflectance can also be different
because of a combination of soil properties and the soil moisture content. However, the
mean difference in the LSD plots of bands over a 20-year period with diverse previous conditions of soil moisture remains different. The reflectance differences are also corroborated
by comparing the BSL from each site, in which the slopes are also different (Figure 4). The
slope in SOM5 is higher than that in SOM15.
In this sense, the SOM5 unit and SOM15 exhibit two fundamental elements of differentiation from the classical statistics of bare soil reflectance. The first one is related to the
intrinsic physical soil properties of each soil unit from classification. The second is related
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to the weather regime, specifically to the soil wetting behavior as result of precipitation
pattern.
Soil saturation can be reached several times when precipitation rates exceed infiltration
rates with SOM5, also because spring storms exceeded 50 mm/month for all years except
2002, 2005, 2011, 2015 and 2019 [3]. This situation can be an effect of soil affecting the
maximum value of NDVI over the growing season of cereals in SOM5. However, in areas in
which the vegetation response is highly influenced by rainfall, the variations in NDVI can
also be attributed to other agronomic management practices of crops (e.g., trends towards
earlier sowing, nitrogen fertilizer rates, or semi-dwarf varieties with high early vigor, etc.)
as reported in wheat fields with Mediterranean environments [66]. In the area, barley
and wheat varieties are quite similar year by year [32], and only timing management (i.e.,
1–2 weeks lag) is the major source of variability and is related to crop timing.
For the reflectance during crop season, NDVI averages from SOM5 and SOM15 are
significantly different as shown in Table 5. These results suggest that NDVI signal is also
different between the zones, suggesting that soils and weather are motivating the spectral
variability of sites. NDVI pattern differences of SOM5 and SOM 15 are because of a mixture
of biophysical processes over time and space. The spatial domain is mostly related to soil
properties, and the timing domain is related to the atmospheric interaction of the soil-crop,
mainly in relation to rainfall. SOM5 is a soil with a higher clay content and is exposed to a
higher rainfall rate during the spring, and SOM15 is more like a sandy soil and exhibits
a drier spring than that of SOM5. However, SOM15 reaches maximum values of NDVI
during the mid-growing season of cereals between April and May, depending on intraand inter-annual variability. Similar results were found in NDVI series comparing different
vegetation covers at the regional scale [67].
The different slopes obtained from the regression of accumulated NDVI against accumulated precipitation (Precp), shown in Figure 6, confirm the differences in the vegetation
response to both agroclimatic conditions. The slope can be interpreted as how much
∆NDVI is achieved per ∆Precp. Higher slope implies that for a certain ∆Precp the ∆NDVI
will be higher. In this sense, SOM15, with sandy soils, get a higher ∆NDVI than SOM5,
with clay soils, for each ∆Precp. In summary, there is a linear relationship between the
accumulated NDVI regarding accumulated precipitation, and the slope of this relation
could be related to soil characteristics as the temperature in both sites is very similar. This
higher correlation between NDVI and accumulated precipitation can be found in other
works on Mediterranean zones [68].
On the other hand, high precipitation during the growing season, in combination with
clay soils of SOM5 can advance crop development during the first months. By the end of
the growing season, in SOM15, with less accumulated precipitation, accumulated NDVI
reaches similar values to SOM5 once that a total rainfall of 250 mm is accumulated. Despite
accumulative NDVI is similar in both cases, the growth is altered by water availability and
soil characteristics.
4.2. Scaling Characteristics of NDVI Original Series
NDVI original signals present a global seasonal pattern in which monoculture sequence was clearly identified and all years where planted. The variability involved in the
process (i.e., climate, crop types and soils) are continuously changing in time or exhibit
trended behavior, as presented in the former section. This was observed by analyzing their
overall variability across the study period.
The persistent condition of NDVI signature is mainly coming from the yearly cycle
that composes its pattern. The noise in cereal sequences may be because of different
mechanisms, as reported by other authors [69,70]. As both sites selected presented cereals,
the difference can only be attributable to climatic conditions, wet or dry years, terrain
slopes or seed varieties. Other sources of noise can be attributable to soil brightness; when
soil brightness increases during the fallow season period, NDVI can be lower. The former
was also corroborated from July to February and distinguished the dry and wet periods by
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seasonal behavior (Figure 7a). However, during the growing season, most of the reflectance
comes from vegetation and not from soil.
The scaling property of these NDVI original series agrees with earlier works in which
the persistence condition for crops is also reported through H(q = 2) or Hurst index
using R/S method [21,26]. However, the results have shown that this series could have
a multifractal nature as investigated by Li et al. [28] and Ba et al. [29] over the vegetation
dynamic of areas affected by the fire through multifractal analysis achieving the same
conclusion. Several parameters can be calculated, as the ones showed in Table 7, given
more possibilities to classify the NDVI series studied.
This multifractal analysis in NDVI have been wider used in the spatial scaling context [10,71–74].
4.3. Scaling Characteristics of NDVI Residual and Anomalies Series
Thus, the most noticeable source of noise in NDVI residual series in cereal crops is the
reflectance variation under different soil moisture conditions. These, in turn, are related to
the rainfall variation from its cycle average pattern and the properties of the soil against the
rainfall regime. This situation is especially evident when analysing the reflectance values
of the red and NIR bands. Accordingly, NDVI residual signal results in a mixture of noises
coming from both spectral bands.
A visual observation of NDVI residual series (Figure 7b) in both sites remind to a
residual noise. However, this noise exhibited a scaling behavior pointing out a structure
and, therefore, it is not an uncorrelated noise. Even more, NDVI residual series presents a
multiscaling behavior as the GSF and the GHE are not straight lines. This implies that once
the clear seasonal pattern is extracted from NDVI series, the residual has still structured,
but anti-persistent, keeping the multifractal nature from the original series. The MFA
normally used by some authors [28,70] applied a detrended fluctuation analysis as many
of the series analyzed presented a significant trend in time. In this work, the two series
analyzed did not present a significant trend, the detrended applied was to extract first the
average cycle pattern and then the GSF was calculated. This is a different way to approach
the study, but more suitable for monoculture crops.
NDVI anomaly series presents a smoother behavior than the residual one. This is
reflected in more straight lines in GFS and GHE that originate a weaker multifractal nature
in these series but keep the anti-persistent character. This is revealing that the different
dispersion of NDVI values in each date has an influence in the multifractal character of the
series. The higher dispersion is presented in the crop cycle during seasons where the rain
also presents higher dispersion. This points out that the NDVI anomaly series is reflecting
the variability created mainly by the rain interacting with the characteristics of that site.
The analysis of this type of series, and the parameters extracted from it, could be another
factor to be incorporated in the agroclimatic zone definition as it is adding an evaluation of
the crop risk.
5. Conclusions
The results presented in this work reinforce the idea that the knowledge of soil
properties and climate spatial variability is a key component in understanding patterns
of vegetation dynamic at large scales. The conclusions of this study, applied on rainfed
monoculture activity in the semiarid climate in Spain, are:

•

•
•
•

Data from Earth observation, in this case the MODIS satellite, through the soil reflectance differences validated the soil units from a digital soil mapping approach
with the self-organizing map (SOM) algorithm.
NDVI descriptive statistics show a significant difference between the two agroclimatic
zones that mainly differ in soil physical properties and the precipitation regime.
NDVI series exhibits a persistent structure and a clear multiscaling nature.
When NDVI residual and anomalies series are analyzed, the pattern changes to an
anti-persistent structure and a weaker multiscaling nature.
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•

Generalized Hurst exponents got from NDVI anomaly series can complement agroclimatic zone characterization.
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Appendix A
Google Earth Engine script to extract MOD13Q1 reflectance bands and Vegetation
indices for SOM 5 and SOM15
Script for SOM5 plots
var MOD13Q1 = ee.ImageCollection(‘MODIS/006/MOD13Q1’).
filterDate(‘2000-02-18’, ‘2019-10-01’).
select(‘NDVI’,’EVI’,’sur_refl_b01’, ‘sur_refl_b02’,’sur_refl_b03’,’sur_refl_b07’);
//Define a region of interest as a point.
var SOM15_5 = ee.Feature(
ee.Geometry.Point(−4.942608705, 40.86418543), {‘label’: ‘ som15_5’});
var SOM15_9 = ee.Feature(
ee.Geometry.Point(−4.949504594, 40.82555542), {‘label’: ‘ som15_9’});
var SOM15_12 = ee.Feature(
ee.Geometry.Point(−4.938772086, 40.83156543), {‘label’: ‘ som15_12’});
var SOM15_19 = ee.Feature(
ee.Geometry.Point(−4.966845778, 40.8048759), {‘label’: ‘ som15_19’});
var SOM15_41 = ee.Feature(
ee.Geometry.Point(−4.944333386, 40.85712406), {‘label’: ‘ som15_41’});
//Add to map point of interest
Map.addLayer(SOM15_5);
Map.addLayer(SOM15_9);
Map.addLayer(SOM15_12);
Map.addLayer(SOM15_19);
Map.addLayer(SOM15_41);
//Create and print the chart.
print(ui.Chart.image.series(MOD13Q1, SOM15_5),10000);
print(ui.Chart.image.series(MOD13Q1, SOM15_9),10000);
print(ui.Chart.image.series(MOD13Q1, SOM15_12),10000);
print(ui.Chart.image.series(MOD13Q1, SOM15_19),10000);
print(ui.Chart.image.series(MOD13Q1, SOM15_41),10000);
Script for SOM15 plots
//Load MOD13Q1 product input imagery.
var MOD13Q1 = ee.ImageCollection(‘MODIS/006/MOD13Q1’).
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filterDate(‘2000-02-18’, ‘2019-10-01’).
select(‘NDVI’,’EVI’,’sur_refl_b01’, ‘sur_refl_b02’,’sur_refl_b03’,’sur_refl_b07’);
//Define a region of interest as a point.
var SOM15_13 = ee.Feature(
ee.Geometry.Point(−4.224098023, 41.06509693), {‘label’: ‘ som15_13’});
var SOM15_15 = ee.Feature(
ee.Geometry.Point(−4.224782776, 41.0750117), {‘label’: ‘ som15_15’});
var SOM15_16 = ee.Feature(
ee.Geometry.Point(−4.226666651, 41.08117623), {‘label’: ‘ som15_16’});
var SOM15_17 = ee.Feature(
ee.Geometry.Point(−4.233210781, 41.07385135), {‘label’: ‘ som15_17’});
var SOM15_23 = ee.Feature(
ee.Geometry.Point(−4.244248046, 41.06830756), {‘label’: ‘ som15_23’});
//Add to map point of interest
Map.addLayer(SOM15_13);
Map.addLayer(SOM15_15);
Map.addLayer(SOM15_16);
Map.addLayer(SOM15_17);
Map.addLayer(SOM15_23);
//Create and print the chart.
print(ui.Chart.image.series(MOD13Q1, SOM15_13),10000);
print(ui.Chart.image.series(MOD13Q1, SOM15_15),10000);
print(ui.Chart.image.series(MOD13Q1, SOM15_16),10000);
print(ui.Chart.image.series(MOD13Q1, SOM15_17),10000);
print(ui.Chart.image.series(MOD13Q1, SOM15_23)
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