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Abstract: Annual grasslands are an essential component of oak savanna ecosystems as the primary
source of fodder for livestock and wildlife. Drought resistance adaptation has led them to complete
their life cycle before serious soil and plant water deficits develop, resulting in a close link between
grass phenology and soil water dynamics. In this work, these links were explored using a combination
of terrestrial photography, satellite imagery and hydrological ground measurements. We obtained key
phenological parameters of the grass cycle from terrestrial camera data using the Green Chromatic
Coordinate (GCCc) index. These parameters were compared with those provided by time-series of
vegetation indices (VI) obtained from Sentinel-2 (S2) satellites and time-series of abiotic variables,
which defined the hydrology of the system. The results showed that the phenological parameters
estimated by the 52 Normalized Difference Vegetation Index (NDVI) (r = 0.83, p < 0.001) and soil
moisture (SM) (r = 0.75, p < 0.001) presented the best agreement with ground-derived observations
compared to those provided by other vegetation indices and abiotic variables. The study of NDVIand
SM dynamics, that was extended over four growing seasons (July 2015-May 2019), showed that the
seasonality of both variables was highly synchronized, with the best agreements at the beginning and
at the end of the dry seasons. However, stage changes were estimated first by SM, followed by NDVI,
with a delay of between 3 and 10 days. These results support the use of a multi-approach method to
monitor the phenology and the influence of the soil moisture dynamic under the study conditions.

Keywords: vegetation indices; oak-grass savanna; phenology; hydrology; Sentinel-2

1. Introduction

Monitoring the phenology of Mediterranean ecosystems is key to adequately assessing the impacts
of global warming on different time scales, identifying pre-critical states in the framework of early
warning decision-making systems, and establishing adaptation planning and management in the
medium- to long-term time horizons. The natural variability of the climatic-hydrological regime in
these areas, usually with complex spatial patterns of the vegetation that is sometimes difficult to access,
makes it necessary to exploit the available data from remote sensing sources.

The holm oak savanna ecosystem of the Iberian Peninsula (known as dehesa in Spain and montado
in Portugal) is an ancient system emerging as the only productive and sustainable structure able to deal
with the combination of low soil fertility and the high variability of the Mediterranean climate [1]. This
landscape is formed by a low density of holm oak trees, an understory of grasslands and, occasionally,
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shrubs and crops of cereals and legumes. The result is a mixture of natural facto and management,
making it difficult to differentiate the absolute determinants of its structure [2]. However, water
availability is known to be important in the conformation of this mixture of grasses and woody plants
which, as stated in [3], is the only stable state of equilibrium when a marked seasonality in water
availability occurs. In this state, canopy density maximizes biomass, thus minimizing water stress [4].
Annual grasslands are an essential component of this system as the primary source of fodder for
livestock, and is the main economic activity in these areas, but also contains a high richness of vascular
plants supporting a wide diversity of habitats [5]. The escape mechanism—i.e., the ability for the
plant to complete its life cycle before serious soil and plant water deficits develop [6]—is used by
these grasses to cope with the long summer dry season and the recurrent water scarcity events of the
Mediterranean climate. This results in a close link between grass phenology and soil water dynamics.

Plant phenological shifts have been observed as a result of changes in the climate [7-10].
Phenological research has advanced in developing climate—phenology models derived from ground
observations [11,12] and also in improving the monitoring methods constructed from satellite
information [13]. In recent years, the use of remote sensing in the study of phenology has increased
thanks to a greater availability of global products, which allow one to extend these studies in space
and time. In particular, the use of vegetation indices (VIs) has been generalized to determine changes
in vegetation on different spatial scales, ranging from centimeters to tens of kilometers. Some
examples are the use of the AVHRR (Advanced Very-High-Resolution radiometer) sensor for global
studies [14-16]; broad scale analysis using MERIS (Medium Resolution Imaging Spectrometer) and
MODIS (Moderate-Resolution Imaging Spectroradiometer) data for maize crops and forests [17,18];
studies on a detailed scale using Landsat or ASTER (Advanced Spaceborne Thermal Emission and
Reflection Radiometer) for multiple crops monitoring [19,20]; and at a very high spatial resolution
with UAVs (unmanned aerial vehicles) in vineyards [21]. The Sentinel-2 (S2) sensor, part of the
European Union Copernicus Program, has provided the renewed possibility of addressing canopy
phenological changes on a local scale with high spatial and temporal resolutions (10-20 m or 5 days),
and an improved spectral resolution providing narrow bands in the red-edge region. Despite the short
time series available (from July 2015 to present), S2 has been used for the monitoring of vegetation,
addressing aspects such as phenology [22], complementing other sensor datasets such as MODIS [23]
or Landsat [24], and monitoring biophysical variables through the proposal of new indices making
use of the red-edge bands [25]. However, its potential for improving the accuracy of estimating the
phenological transition stages has not been fully explored yet.

Remote sensing studies rely on field data of phenological parameters to explain their results.
However, field monitoring requires frequent and time-consuming observations, especially over areas
which are difficult to access. The use of digital terrestrial cameras offers a cost-effective solution,
providing real-time and reliable information to track vegetation phenology. Previous studies have
used cameras for phenological monitoring [26,27], and the creation of networks of these cameras
for a more global phenological follow-up is being increasingly demanded [28]. In addition, these
cameras can complement the information provided by other equipment, such as weather stations or
eddy covariance systems, in a wide range of applications [29-32]. The combination of these ground
observations with satellite images has also been explored [33-35], and the integration of highly detailed
terrestrial photography with large-scale satellite images is a promising tool that could reduce the scale
gap between phenological field and remote sensing studies.

The Mediterranean climate of this area presents a high vulnerability to global warming, with an
increasing occurrence of extreme droughts and torrential rainfall. This region is projected to warm
more and experience greater changes in the precipitation regime over the course of the century [36-38].
An improved knowledge of how climate and hydrology influence plant phenology is key to making
appropriate decisions to cope with these threats [39]. In addition, changes in values of satellite Vs
have proved to be able to reflect the heterogeneity of the hydrological behavior in this region [40]. In
the same line, phenological variations, assessed by using satellite data, could be useful for evaluating
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the cumulative effect of the hydrological regime over large areas, in a capacity that would not be
achievable with a field observation network.

In this work, images provided by a terrestrial camera were combined with meteorological
information and satellite data to provide an insight into the dynamics of phenological processes and
their links with the hydrological behavior of the grassland of an oak-grass savanna ecosystem. On this
basis, the objectives of the present study were: (1) to explore the potential of the 52 satellites to monitor
phenological changes over grasslands using a variety of vegetation indices derived from different
band combinations, both broadband and narrowband indices, taking advantage in the latter case of
the new possibilities offered by the red-edge bands of these satellites, (2) identify the links between
hydrology and vegetation phenology derived from terrestrial photography, evaluating the response of
grass vegetation and its life cycle to changes in the main abiotic variables controlling this system, and
(3) study the relationship between satellite VIs and the hydrological state of the system regarding their
ability to monitor grassland phenology.

2. Material and Methods

2.1. Study Site and Datasets

The study was conducted in a dehesa farm, called “Santa Clotilde” (Figure 1la), located in Southern
Spain (Cérdoba, 38° 12’ 37" N, 4° 17’ 24”” W, 734 m.a.s.1.) [41]. It is part of an environmentally protected
area (Sierra de Cardefia y Montoro Natural Park) with a landscape composed of sparse holm oak trees
and natural grasses. The semiarid climate in this region is characterized by cold winters and long dry
summers, with periodic severe droughts. Beef cattle and pigs are raised extensively on grasslands
and acorns.
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Figure 1. (a) Farm location. (b) Aerial photography of the experimental site, including the location of
the weather station and the terrestrial digital camera and its field of view (FOV). (c) Image from the
terrestrial digital camera and region of interest (ROI) for natural grass used in the analysis (red polygon).
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Field measurements were taken at a grass-dominated site (Figure 1b), in which the grasses were
annual species of a medium size (with a maximum plant height between 0.5-1 m) and a variable
coverage. The field has a great variety of species, chiefly grams such as Vulpia spp, Bromus spp or
Aegilops spp, although legumes such as Trifolium spp, Ornithopus spp, Uncaria spp or Medicago spp are
also found [42]. The soil at the site is dominated by Eutric Cambisols, with a loamy sand texture in the
grass root zone (0-30 cm). The soil moisture content, modeled at field capacity (FC) and wilting point
(WP) [43], was equal to 0.18 and 0.08 m?/m3, respectively.

The site’s instrumentation included a digital camera, micrometeorological equipment and soil
moisture probes. Terrestrial photography was acquired using a CC5MPX Digital Camera (Campbell
Sci. Inc) installed at a height of 1.65 m above the ground surface. This is a programmable camera of 5
megapixels which has been specially prepared to be placed outdoors (at a thermal amplitude —40 to
60 °C). Its field of view (FOV) is 790 square meters (Figure 1b), and images were obtained from the
installation every hour over the daylight period, generally from 8 a.m. to 6 p.m., from the beginning of
December 2017 to the end of May 2019.

According to data availability, two study periods were defined: a first period, herein called A,
from December 2017 to May 2019, with available terrestrial images on a daily basis measuring field
grassland greenness, and an extended period of analysis (study period B), from July 2015 to May 2019,
which covered the whole period with Sentinel-2 availability (since first acquisition time).

The set of abiotic variables measured at the site during the whole study period (Figure 1b) included
the following:

1.  Air temperature, recorded using an HMP45A probe (Vaisala OyJ); daily minimum (Tpn),
maximum (Tmax) and mean temperature (Tineq) values were computed from half-hourly records.

2.  Incoming and outgoing solar radiation (Rad), measured with a four-way radiometer NR-01
(Campbell Sci. Inc); daily cumulative radiation fluxes were computed from half-hourly records.

3. Vapor pressure deficit (VPD) was derived from atmospheric pressure and relative humidity
(HMP45A probe (Vaisala Oy]); daily values were computed from half-hourly records.

4.  Precipitation (R) was measured with a weighing-type recording rain-gauge ARG100 (Campbell
Sci. Inc); daily values were computed from the aggregation of 30 min cumulative values.

5. Volumetric soil moisture (SM) was measured at two depths (10 and 30 cm) with an ENVIROSCAN
(Campbell Sci. Inc) probe at 10 min intervals. Daily values were computed from these data and
averaged between both depths.

Figure 2 shows the general meteorological characterization of the study period with monthly
values of R and Tpyeq and the monthly average of the province of Cérdoba with historical data from
1971-2000 [44]. A very irregular annual distribution of rainfall was observed, as expected, as well
as a great thermal amplitude on different time scales. Compared with the historical values, the four
hydrological years of the study period could be considered within the average regime in terms of mean
temperature, with values in summer close to 30 °C that may drop below 10 °C in winter, and mean
annual temperature of 16 °C. In terms of total precipitation, the historical annual value in the area was
about 650 mm: 2015/2016 and 2016/2017 were normal periods (close to 700 mm) but with different
temporal distributions; 2017/2018 was an anomalous year in the seasonal distribution of precipitation
in that it was drier than average until the month of March, in which 356 mm of the final 820 mm of
annual precipitation was concentrated; and 2018/2019 was the driest period (500 mm).
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Figure 2. Monthly values of precipitation and average temperature (a) during study period B from the
weather station in Santa Clotilde, (b) from historic data 1971-2000 in Cérdoba.

The satellite image dataset consisted of 242 granules of Sentinel-2 images. It included all available
images with less than 15% of cloud coverage from July 2015 to May 2019. From March 2017 to May
2019, the atmospherically corrected product Level 2A available from ESA (European Space Agency)
was used. From July 2015 to March 2017, the images were atmospherically corrected using the module
Sen2cor included in SNAP (ESA Sentinel Application Platform v2.3.0). Seven bands were processed to
compute the different vegetation indices used in this study (the central wavelength and the bandwidth
are indicated in parentheses): B2 = blue (492 nm; 66 nm), B3 = green (559 nm; 36 nm)), B4 = red (665 nm;
31 nm), BS = red edge 1 (704 nm; 15 nm), B6 = red edge 2 (740 nm; 15 nm), B7 = red edge 3 (783 nm;
20 nm) and B8 = near infrared (NIR) (833 nm; 106 nm).

2.2. Phenological Parameters From Terrestrial Photography

The greenness of the grass, observed by terrestrial photography, was used as a field indicator of
grass phenology and used to evaluate the phenological parameters retrieved from the satellite images.
A quantitative value of this greenness was computed using the Green Chromatic Coordinate (GCC)
(Equation (1)) [45]. The GCC index is not a direct measurement of chlorophyll content, and previous
research [35,46,47] has addressed its sensibility to changing levels of green pigmentation in vegetation
and how canopy phenology can be monitored and quantified without the need for a human observer.
This index is a non-linear transformation of the digital levels of the green color of the picture, and it
is known to minimize the effects of different lighting between images taken on different days. Their
characterization of greenness has proved to be better than those of other camera indices [48]:

G

CCC=Rr7G7B

1)
where

GCC: Green Chromatic Coordinate index;
R: digital level in red;
G: digital level in green;
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B: digital level in blue.

This index was calculated as the average value of the pixels of a homogeneous grass region of
interest (ROI) (Figure 1c). Daily index values were computed for period A (December 2017 to May
2019) using the 90t percentile, in which all the GCC values were used in a 3-day moving window,
assigning the average value to the central day. This methodology is assumed to reduce the error in the
estimates by more than 30% [49].

To calculate the phenological parameters from GCC values, the 50% amplitude method [50] was
used. In this method, the temporal evolution of a variable is considered as a function, and the state
changes are supposed to be within 50% of the amplitude of this function. The amplitude was fixed for
each annual growing cycle as the difference of the minimum GCC (baseline value) and the maximum
value (peak value). The parameters calculated were as follows:

Start of season (SOS): time when 50% of the amplitude is reached.

Peak of season (POS): time when the data reach the maximum value of the cycle.

End of season (EOS): time when 50% of the amplitude is reached to the right of the peak value.

To homogenize the extraction of values, the data were fitted using a double logistic function
(Equation (2)), which is commonly employed to process remotely sensed data for phenology
monitoring [51-53]. This function has proved to be useful for reducing the noise in a satellite
time-series and enforcing a general seasonal shape on noisy data [54].

1 3 1
14 eyt 1 4 eXayat

)V(t) =v ()

V(t) = Vmin Vmax(
where

v(t): value of the function at time t;

Vmin: Minimum value of the amplitude;

Vmax: Maximum value of the amplitude;

x and y: parameters that control the shape of the curve. x; and x; control the left and right inflexion
points, respectively, and y; and y; represent the rate of change at time t.

The TIMESAT program [51,54,55] was used to fit the double logistic function to the time series
and extract the phenological parameters.

2.3. Selection of Satellite Vegetation Indices

The time series of various vegetation indices, derived from Sentinel-2 images, were studied to
evaluate their ability to capture the phenology of the vegetation observed in the field using terrestrial
photography. An initial set of VIs, listed in Table 1, were calculated and spatially averaged in the
FOV given in Figure 1b. The first group of broad-band indices included the Normalized Difference
Vegetation Index (NDVI) [56], and a version of this which changed the red reflectance for the green
one—the Green Normalized Difference Vegetation Index (GNDVI) [57]; the Soil Adjusted Vegetation
Index (SAVI) [58]; the Enhanced Vegetation Index (EVI) [59] and a simplified version, EVI2 [60]. The
new possibilities of Sentinel-2 red edge bands made a second group of narrowband indices possible,
including an adaptation of the Meris Terrestrial Chlorophyll Index (MTCI) [61] and two indices
developed specifically for Sentinel-2 data: the Inverted Red Edge Chlorophyll Index (IRECI) and
Sentinel-2 Red Edge Position (52REP) [25]. Finally, GCC was computed using Sentinel-2 bands and
was named as GCCs to distinguish it from the GCC from the camera, herein called GCCc. All VIs were
calculated for the whole study period and spatially averaged at the camera FOV.
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Table 1. Vegetation indices used in the study (listed alphabetically), formulation with Sentinel-2 bands
and the available spatial resolution. Bands of Sentinel-2: B2 = blue, B3 = green, B4 = red, B5 = red edge
1, B6 = red edge 2, B7 = red edge 3, B8 = near infrared (NIR). EVI: Enhanced Vegetation Index; GCC:
Green Chromatic Coordinate; GNDVI: Green Normalized Difference Vegetation Index; IRECI: Inverted
Red Edge Chlorophyll Index: MTCI: Meris Terrestrial Chlorophyll Index; S2REP: Sentinel-2 Red Edge
Position; SAVI: Soil Adjusted Vegetation Index.

Index Sentinel-2 Formulation Spatial Resolution
EVI 2.5(B8 — B4)/(B8 + 6B4 — 7.5B2 + 1) 10 m
EVI2 2.5(B8 — B4)/(B8 + 2.4B4 + 1) 10 m
GCCs B3/(B2 + B3 + B4) 10 m
GNDVI (B8 — B3)/(B8 + B3) 10 m
IRECI (B7 — B4)/(B5/B6) 20m
MTCI (B6 — B5)/(B5 — B4) 20 m
NDVI (B8 — B4)/(B8 + B4) 10 m
S2REP 705 + 35(((B7 + B4)/2) — B5)/(B6 — B5)) 20m
SAVI 1.5(B8 — B4)/(B8 + B4 + 0.5) 10 m

Once the indices values were obtained for Sentinel-2 acquisition days, a daily time series for period
A was computed using a linear interpolation between every two consecutive images. To minimize
the effect of possible spikes due to clouds or poor atmospheric conditions, daily index values were
smoothed using the Savitzky—Golay filter [62]. This method replaces each data value by a linear
combination of nearby values in a moving window, helping to reduce the noise and producing a higher
quality VI time series [63]. These satellite-derived time series were compared with GCCc values for the
same period; the statistical analysis was able to identify those of satellite VI better on reproducing the
digital camera observations. In order to compare the performance of the different indices, their values
were normalized.

Similar to GCCc, satellite VI time-series were fitted to a double logistic function, and the 50%
amplitude method was applied to estimate the phenological parameters, comparing their results with
those obtained from GCCc data.

2.4. Selection of Abiotic Variables

The daily evolutions of different weather variables together with the water content of the
root-depth soil layer were studied to locally evaluate their links with vegetation phenology and to
obtain information on the main factors influencing their behavior.

The set of abiotic variables initially selected were those commonly identified in phenological
studies (Tmax, Tmed and R), the meteorological variables often used in crop growth models (Tyin, Rad
and VPD), and the water content in the root depth of the soil layer of the grasses (SM). Daily data were
obtained from half-hourly values of the weather station for the period December 2017 to May 2019, as
described in Section 2.1.

The relationship between these variables and the daily series of GCCc were analyzed throughout
period A. The principal explanatory variable was also employed to determine phenological parameters
by fitting its values to a double logistic function, as described previously, and applying the 50%
amplitude method.

2.5. Satellite VI and Abiotic Variable Relationship

The dynamic of the selected satellite VI and the most significant abiotic variable were compared
during period B (July 2015 to May 2019). For this purpose, data from both of them for this period were



Remote Sens. 2020, 12, 600 8 of 23

fitted to a double logistic function, and the phenological parameters were extracted in the same way as
period A.

2.6. Statistical Analysis

To evaluate the relationships between the GCCc, satellite VIs, and the abiotic variables, a Pearson
correlation matrix and principal component analysis (PCA) were carried out to detect the group of
variables that similarly governed the behavior of the system [64]. This method generates a new set of
variables, called principal components (PCs), which are linear combinations of the original ones. The
variables are related by coefficients that range between —1 and 1. The closer to 1 or —1 they are in a
certain PC, the higher the direct or inverse influence they exert, respectively, on the PC. All the PCs are
orthogonal to each other, so there is no redundant information. Once the PCs are obtained, all the
variables of the system are grouped by processes. Since the original variables have different dimensions,
standardization was applied prior to the PCA by dividing each one by its standard deviation. This
process was applied firstly to GCCc with satellite VIs in order to select the representative ones, and,
secondly, to GCCc with the abiotic variables.

The TIMESAT program was used to fit a double logistic function to all the variables’ time series
and extract the phenological parameters. Finally, the coefficient of determination (R?) and the root
mean square error (RMSE) were used to evaluate the results.

All these calculations and statistical treatments were conducted by programming in MATLAB
(The Mathworks Inc., MA). The algorithms used were corcoeff for Pearson correlation matrices, pca for
PCA and the Curve fitting tool for R> and RMSE.

To assess the relationship between the phenological parameters estimated using the indices, the
differences in days i.e., the biases with respect to the values obtained by the GCCc were computed,
and the percentage of those biases was calculated with respect to the total length of the phenological
cycle, with an estimated value of 210 days (seven months) as an average [1]. In the case of the joint
assessment of satellite VI and the abiotic variable, the bias in days was also calculated.

3. Results

3.1. Deriving Phenological Parameters From Terrestrial Photography

Figure 3 shows the evolution of the GCCc values throughout period A consisting of one and a
half growing seasons and the function fitted to those data. The days when the baseline, SOS, EOS and
the two POS for the period were reached have been identified, and the pictures (Figure 3a—e) illustrate
the state of the grass at each phenological stage.
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Figure 3. Evolution of GCCc (raw data, fitted function and error) throughout period A and
corresponding images of the phenological dates (red dots): (a) peak of season (POS) 1 (03/22);
(b) end of season (EOS (06/05); (c) Baseline (08/17); (d) start of season (SOS) (10/17); (e) POS 2 (01/15).

The lack of a first cycle starting point and the ending of the second one prevented the analysis
of a complete single cycle. The start of the period coincided with the installation of the camera; the
premature end of the second cycle was artificial and due to common farm management practices, i.e.,
plowing and preparing the soil for a future cereal crop. Thus, the parameters to be studied were the
EOS of the first cycle, the SOS of the second and the peaks of both cycles. The baseline value used was
the summer minimum of 2018.

The fitted function presented a high correlation of R? = 0.9 and a very low error of RMSE = 0.01.
It can be seen that the dates of the phenological parameters given by the 50% amplitude method correctly
matched the observations derived from the visual inspection of the digital camera photographs. Both
POSs showed a green full cover; in the baseline, the grass was totally dry, and EOS and SOS showed
the beginning of senescence and the grass becoming green, respectively.

3.2. Terrestrial Camera vs. Satellite-derived Indices

3.2.1. Satellite and Ground-based Indices Comparison

The behavior of the different satellite indices and GCCs in the study area was analyzed using the
histograms of the values obtained during a complete growing cycle (year 2018). Figure 4 presents the
distribution of the normalized VI values throughout this year. It can be observed that some variability
was derived from the different algorithms and band combinations. All indices presented a first peak
corresponding to low/very low values. This peak was more pronounced for EVI2, SAVI, IRECI and
GCCs. Most indices also presented a second peak corresponding to intermediate/high index values.
NDVI, EVI, GNDVI showed a more balanced distribution between both peaks than the previous group.
However, MTCI and S2REP shapes do not completely follow this general pattern.
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Figure 4. Histograms of vegetation index (VI) normalized values in the study area during 2018. Blue:
satellite VIs; Green: Digital camera index.
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Table 2 shows the Pearson correlation coefficients of daily time series of GCCc with the daily time
series of a selection of satellite-derived VlIs.

Table 2. Pearson correlation matrix between GCC data and the satellite VI on a daily scale. * p < 0.001.

Variable r (GCO)
EVI 0.72*
EVI2 0.77 *
GCCs 0.79 *
GNDVI 0.82*
IRECI 0.71*
MTCI 0.52*
NDVI 0.83 *

S2REP —0.44*
SAVI 0.78 *

The correlation of all satellite indices with GCCc was significant (p < 0.001) and had a high
correlation value (r > 0.7), except for MTCI and S2REP (r = 0.52 and —0.44, respectively).

The results for PCA are shown in Figure 5. Most of the variance (79%) was explained by the PC 1,
in which two groups of indices could be distinguished: a first group of higher coefficients (equal to or
greater than 0.3) included GCCc and GCCs with the rest of the satellite indices except the MTCI and
S2REP, which would together form a second group with lower or negative coefficients. In turn, these
two indices presented higher values (> 0.5) in PC 2, which explained 11% of the total variance.

I . .
o MTCI
S2REP
(]
0571 1
e EVIg IRECI
—_— EVIZg NDy|
= 0 SGNDVI
IS GCCs
= 0 GCCc
-0.57 1
| ' '
-1 -0.5 0 0.5 1

PC1 (79%)

Figure 5. Principal component analysis (PCA) of GCCc and vegetation indices. The two first principal
components (PCs) are shown. Between parenthesis: percentage of variance explained.
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3.2.2. Satellite-derived Phenology

Based on the results of the previous section, VIs with a correlation higher than 0.7 and placed in
the same group of data in PCA were selected for the subsequent analysis. Thus, seven satellite VIs
were selected for the phenological analysis: EVI, EVI2, GCCs, GNDVI, IRECI, NDVI, and SAVL

The smoothed daily data from the fitted functions are shown in Figure 6 together with the
phenological parameters obtained from those Vls.
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Figure 6. (a) Evolution of vegetation indices (raw data, fitted function and error) throughout the
study period (al = EVI, a2 = EVI2, a3 = GCCs, a4 = GNDVI, a5 = IRECI, a6 = NDVI, a7 = SAVI). (b)
Comparison of the phenological dates of GCCc and satellite VIs in period A.

All fitted functions showed very high correlation values (R? > 0.95) and low RMSEs (<0.03).

It can be observed (Figure 6) that the EOS was the parameter which was most similarly estimated
by all indices and had the lowest bias with respect to the GCCc. The estimation of both POSs presented
a higher dispersion. For this reason, POS 1 and POS 2 derived from the original raw data have been
also included in Table 3 in addition to the values derived from the adjusted functions. These data are
not presented for the EOS and SOS parameters due to the observed existence of erratic spikes that may
cause erroneous estimations of green-up or real senescence shifts. Table 3 summarizes the biases of the
phenological dates of the satellite VI with respect to GCCc (Figure 6b).
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Table 3. Biases in days of the phenological parameters extracted from satellite vegetation indices with
respect to GCCc, for POS 1, EOS, SOS and POS 2. The percentage of error with respect to the whole
cycle is displayed in parentheses.

(r:’m(r) jalta) POS1 EOS 508 POS2 (r:)m(r) cslazta)

EVI -8(3.7) 1(0.5) 6(2.9) 31 (14.8) 30 (14.3) 36 (17.2)
EVI2 20 (9.3) 28 (13.3) —2(9) 25 (11.9) 23 (11) 23 (11)
GCCs 18 (8.7) 28 (13.3) ~13 (6.2) 12 (5.7) 3(1.4) ~3(1.4)
GNDVI 13 (6) 22 (10.5) -6 (2.9) 9 (4.3) 11 (5.2) 6 (2.9)
IRECI 26 (12.4) 31 (14.8) —5(2.4) 34 (16.2) 30 (14.3) 37 (17.7)
NDVI 4(1.9) 9 (4.3) 1(0.5) 9 (4.3) 9 (4.3) 2(0.9)
SAVI 17 (8.2) 26 (12.4) -1(0.5) 21 (10) 21 (10) 23 (11)

The estimation of the green up (SOS) was delayed by all satellite VIs, with GCCs, GNDVI and
NDVI presenting the lowest errors of around ten days (less than 10% of the cycle). The agreement
was higher for the end of the season, with errors below 10% in all cases and biases of only one day
using NDVI and SAVI. For both peaks of the season, there was a general delay in the estimations, with
lower errors in POS 1 than in POS 2 in most cases. EVI and NDVI produced the best results for POS1,
and GCCs and NDVI for POS 2. However, in the case of POS, the dates obtained using the original
raw data generally improved the estimates. It could be of interest to evaluate the impact of specific
weather events. In general, NDVI obtained the most consistent results and lowest errors; considering
this, NDVI was selected for further analysis in this work.

3.3. Analysis of Abiotic Variables and Greenness Dynamics

The results of the Pearson correlation matrix between the daily time series of GCCc and the
daily time series of selected abiotic variables for period A are shown in Table 4. All correlations were
significant (p<0.001), and soil moisture (SM) presented the highest correlation (r = 0.75). Some variables,
including VPD, Rad, Tinin, Tmed, and Tmax, were inversely correlated with greenness. Rainfall, although
positively correlated, presented the lowest coefficient of all analyzed variables. In the PCA results
(Figure 7), the first PC explained 60% of the total variance, showing high coefficients (greater than 0.3)
for most variables. Similar to the correlation matrix results, a first group with negative coefficients
included GCCc and variables favoring an increase of soil water content (SM and R); a second group
with positive coefficients was formed by variables with high values during the summer when the grass
canopy was dry.

Table 4. Pearson correlation matrix between GCCc data and the abiotic variables at a daily scale.

*p < 0.001.
Variable r (GCCc)

SM 0.75*
VPD -0.68 *

R 0.17 *
Rad -0.56 *
Trnin —0.68 *
Trned —0.72*

Tmax -0.69 *
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Figure 7. Principal component analysis (PCA) of GCCc and abiotic variables. The two first principal

components (PCs) are shown. Between parenthesis: percentage of variance explained.

Grassland Phenology and Soil Moisture Relationship

Considering the previous results, SM has been selected to evaluate its capability to predict the
phenology of the grass canopy of oak—grass savanna ecosystems. Figure 8a shows the distribution
of SM data and the fitted function. This function presented a correlation of R?> = 0.9 and an error of
RMSE = 0.02, indicating a good agreement, although to a lesser extent than those obtained for GCCc

and satellite VIs.
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Figure 8. (a) Evolution of SM (raw data, fitted function and error) for the study period. (b) Comparison
of the phenological dates of GCCc (green) and SM (blue) in period A.
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The phenological parameters predicted by this function were compared to those derived from
GCCc (Figure 8b). The SOS and EOS were quite similar to the timings estimated by GCCc, with
a slight advance in both dates according to SM estimations. The 50% amplitude method resulted
in similar values of SM, around 0.14 m3 /m? on average, marking the beginning and the end of the
growing season.

3.4. Relationships Between Soil Moisture and NDVI

The relationship between NDVI and SM—i.e., the variables that best suited the phenological
monitoring of the grassland according to the previous results—were analyzed during period B (July
2015 to May 2019) comprising a total of four growing seasons.

Figure 9 shows the data for SM, the smoothed data for NDVI, the functions fitted to both
series, and the phenological parameters extracted from them. The marked and mostly synchronized
seasonality of both variables can be observed. The highest differences were found during the second
year, corresponding to the growing season 2016/2017, with differences of 9 days (4.3%) for SOS, 28
days (13.3%) for POS and 16 days (7.6%) for EOS. Both fitted functions showed a high correlation
(R% = 0.9 for SM and R? = 0.93 for NDVI) and low errors (RMSE = 0.02 for SM and RMSE = 0.04 for
NDVI). Compared to GCCc, NDVI showed a later response to water availability, resulting in lower
differences in monitoring the phenology.
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Figure 9. (a) Evolution of NDVI (raw data, fitted function and error) throughout the study period. (b)
Evolution of SM (raw data, fitted function and error) during the study period. (¢) Comparison of the
phenological dates of NDVI and SM in the whole study period
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4. Discussion

4.1. Capability of the Terrestrial Photography to Provide Phenological Parameters

The two hydrological years of study period A are an example of Mediterranean climate variability
(Figure 2), and therefore of phenology variability. In 2017/2018, most of the precipitation was
concentrated in a short period of time at the beginning of March, and POS 1 occurred shortly after
those intense events. On the other hand, 2018/2019 was a drier year, but with a more regular rainfall
distribution in the fall and spring. A lower GCCc maximum value was reached, but the growing
season was longer, producing a plateau shape in which an intermediate value was identified as POS 2.

GCCc values ranged between 0.35 and 0.5, reaching their maximum values between November
and April, eventually presenting drops of varying duration and intensity due to the particular weather
conditions of the year. This temporal trend of the GCCc time series was similar to the one observed by
other studies in Mediterranean grasslands [65,66]. The reasonable behavior of the CGGc of canopy
status in the field according to the weather conditions, the previous studies and the visual observations
provided by the terrestrial photography supported the use of GCCc time series as a reference to
evaluate the performance of satellite vegetation indices.

4.2. Comparison of Ground and Satellite-based Indices

The first peak with a low value observed in Figure 4 corresponds to a predominance of dry
grass/bare soil coverage during the dry season. Indices particularly sensitive to soil contribution, such
as EVI, EVI2 and SAVI [58], present a higher concentration around these low values. The second peak
may correspond to the central time of the spring, when the greening is widespread, while intermediate
values reflect periods of green-up and senescence. The narrow band indices (IRECI, MTCI and S2REP)
showed a wider distribution in values, probably due to the greater sensitivity to the changes that the
red edge presented. It is worth mentioning that NDVI and GNDVI presented a sharpened ending at
high values compared to other indices, with an accumulation of intermediate-high values that did not
reach its maximum. This might indicate a certain degree of saturation of both indices under high grass
cover conditions. This issue, described in previous studies for forest or high biomass crops [67,68],
appears to occur here also to some extent. It is also worth noting the difference in the distribution of
GCCs and GCCc; with the same formulation, the satellite version presented lower values than those
calculated using the field camera. This result could have been due to the differing geometry of the
image acquisition.

The low correlation for MTCI shown in Table 2 could be explained by the rapid response of this
index to chlorophyll variations [61]. This causes the time series to follow a different trend than the
rest of the indices, which is more connected to green foliage density [69] with smoother transitions.
MTCI has presented good results in more homogeneous canopies, such as subalpine grasslands [33]
or in deciduous trees in Central Europe [70]. In this case, the high diversity of species, typical of
Mediterranean grasslands, might explain the high variability observed in these values. The case of
S2REP is similar since it was also designed to measure chlorophyll variation using three bands located
in the red-edge region, and allegedly provides a better characterization of the red-edge slope than
MTCI [25]. IRECI also uses three bands in the red edge, although the high correlation presented
with GCCc might be explained by a different formulation. In this case, the index was designed to
focus on the chlorophyll content of the canopy instead of the leaf scale addressed by S2REP [25]. The
influence of the vegetation ground coverage and foliage density was higher and more similar to the
other broad-band indices.

The results for PCA in Figure 5 showed that most of the variance (79%) was explained by the
PC 1, in which two groups could be distinguished; a first group of higher coefficients (equal to or
greater than 0.3) included GCCc and the rest of the satellite indices except the MTCI and S2REP, which
would form a second group with lower or negative coefficients. In turn, these two indices had high
values (>0.5) in PC 2, which explained 11% of the total variance. This grouping confirmed the results
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obtained by the Pearson correlation and suggested that these two red-edge indices might be related to
a different process than the rest. In that case, MTCI and S2REP would be more useful for estimating
leaf chlorophyll content [61,71], while the rest were more influenced by canopy foliage. Regarding the
pixel size, it does not seem to have had an influence on previous results or to determine the selection of
the index for the conditions of this study. IRECI, at 20 m in size (like MTCI and S2REP), was included
in the subsequent phenological analysis.

The estimation of the green up (SOS) was delayed by all satellite VIs, but GCCs, GNDVI and
NDVI presented low errors of around ten days (less than 10% of the cycle). The agreement was
higher for EOS, with errors below 10% in all cases and biases of only one day using NDVI and SAVIL
However, in the case of POS, the dates obtained using the original raw data generally improved the
estimates—something of interest to evaluate the impact of specific weather events—nevertheless, in
the case of analyzing long time series, fitted functions provide a useful homogenization procedure,
generally leading to a more consistent analysis.

The disagreement in terms of POS estimations between satellite-borne and ground-borne sensors
can be explained by the different acquisition angle of both systems. The field camera captures flowering
and the presence of non-photosynthetic elements such as stems [46], which might reduce greenness
and anticipate peak time. Despite this factor, NDVI exhibited a very similar behavior to GCCc, with
lower differences in days than those of previous studies in grasslands [66,72]. A possible reason for
the comparatively lower errors could be the higher spatial resolution employed in this case (10 m
for Sentinel-2 versus 250 or 500 m for MODIS, as previously used). This factor may become a major
issue in mixed grass/tree systems [34]. GNDVI also provided good general results for EOS and SOS,
although POS, especially for the first year, was somewhat delayed. GCCs, with the same formulation
as GCCc, presented higher errors than NDVI when applied to satellite bands. EVI, EVI2, IRECI and
SAVI displayed the highest difference of days in this study, despite EVI2 and NDVI having performed
similarly in other types of grasslands [47] and with even better EVI2 results for maize yield [73] and EVI
for deciduous tree coverages ([74,75]). In general, NDVI obtained the most consistent results and the
lowest errors (less than 10% in all cases). These good results support the use of this multi-scale approach
to complement phenology studies in grasslands. Even though the availability of terrestrial camera
observations is not widespread, the increasing number of these stations is a promising framework to
encourage this combined strategy.

4.3. Analysis of the Dynamics of Abiotic Variables, Greenness and Phenology

The results shown in Table 4 are consistent with the water-limited condition of this ecosystem,
where the dynamics of plant development and soil moisture are intimately related. This explains
the high correlation of SM with GCCc, and the positive values found for SM and rainfall, with both
variables favoring an increase in soil water content. The low correlation coefficient of the rainfall
was also reasonable considering the daily time scale and the bulk analysis performed over a period
with high rainfall variability. Rainfall has been previously related to the timing of leaf flush in dry
forest [76], suggesting that an event-based analysis at specific times of the year might produce different
results. High values of solar radiation, air temperature and VPD—characteristics of the dry season—are
linked to an increase in atmospheric water demand, thus accelerating the water stress process in the
vegetation and explaining the inverse relationships with grass greenness. This general description
of the ecosystem behavior is also supported by PCA results (Figure 7). The first PC explained 60%
of the total variance, showing high coefficients (greater than 0.3) for most variables. Similar to the
correlation matrix results, a first group with negative coefficients included GCCc and variables favoring
an increase in soil water content (SM and R); a second group with positive coefficients was formed by
variables with high values during the summer when the grass canopy was dry. These variables might
negatively influence the plant water status in water scarce conditions. No significant differences in
both analyses were obtained when the different growing season stages were analyzed separately.
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Analyzing the behavior of SM shown in Figure 8, the value of SM selected by the 50% method for
the EOS seems slightly high, as it coincides with a fraction of around 60% of the total available soil
water. This depletion fraction is close to the threshold used for crops [77] below which the soil water
can no longer be transported quickly enough towards the roots to meet the transpiration demand,
and the plant starts to experience stress. However, in this application, this threshold is supposed to
indicate the complete senescence of the plant rather than the beginning of plant water stress, which
might indicate that both processes—the soil drying and the response of the vegetation—happened
very quickly.

The use of SM to compute the POS in this environment makes less sense than for SOS and EOS,
and the biases found with respect to GCCc estimations confirm this point. First of all, the data reflected
a significant difference between the two POSs reached in the field-calibrating period as a consequence of
the natural climatic variability of this region. POS 1 estimation with SM was closer to GCCc estimation,
occurring with a bias of 9 days (4.3%). For POS 2, the bias was of —23 days (11%), presenting a difficult
identification of the peak due to a flatter distribution of SM over the mid-growing season. Looking at
the distribution of GCCc (Figure 3) and SM (Figure 8a), the shape of the first cycle was sharper because
high SM values were concentrated in a short period, producing a fast response in GCCc values, with the
POS reached before the SM peak, once the plant had no limitation to accessing soil water. In the second
cycle, the distribution of SM followed a distribution with two similar low peaks (November 2018 and
February 2019) with a slightly drier period around January. This reduction in SM was reflected by both
GCCc (Figure 3) and some satellite VIs such as NDVI or GCCs (Figure 6), confirming the close link
between SM and greenness and also the fast response of the vegetation to relatively small reductions in
SM. This change in SM was small and it was not reproduced by the different fitted functions however,
nevertheless, it caused a notable bias in the peak identification. Using the unfitted data for the POS, the
results were similar; in POS 1, there was an advance of 9 days (4.3%), and in POS 2, this was 31 (14.7%).

4.4. Relationship Between SM and NDVI

The synchronized seasonality of both variables observed in Figure 9 has already been pointed out
for other vegetation types under arid or semi-arid conditions in [78], in which the authors reported an
increasing synchronization following a gradient of dry season length in a region. It is worth noting
here the similar shapes of both variables following the beginning and the end of the dry periods,
supporting the higher control of soil moisture on vegetation development during those periods. In
general, an average delay between 3 and 10 days can be noted in the estimation of most phenological
parameters with NDVI with respect to SM. The highest differences were found in the second year,
corresponding to the growing season 2016/2017, with differences of 9 days (4.3%) for SOS, 28 days
(13.3%) for POS and 16 days (7.6%) for EOS. During that year, the grassland was plowed and sown in
the middle of February, following a management practice conducted every nine years or so that is
currently disappearing in the area. Therefore, these two grass-growing cycles were artificially shaped
and were not adequately reproduced by the fitting function. The poor adjustment of the function affects
the phenological estimations, increasing their errors. Apart from this specific case, both fitted functions
showed a high correlation (R% = 0.9 for SM and R? = 0.93 for NDVI) and low errors (RMSE = 0.02
for SM and RMSE = 0.04 for NDVI). Compared to GCCc, NDVI showed a later response to water
availability, resulting in lower differences in monitoring the phenology. However, this difference could
simply be due to the lower temporal resolution of satellite data, with a minimum of 5 days, compared
to the daily availability of the terrestrial photography.

5. Conclusions

The phenology of a semi-arid grassland was monitored using terrestrial photography, satellite
images, and abiotic ground measurements. The similarities and discrepancies observed using these
datasets supported the capability of satellite vegetation indices to track important phenological
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parameters of this canopy and highlight the close relationship between these phenological parameters
and the soil moisture dynamic under the study conditions.

The methodology to process the ground and satellite time series and extract the phenological
information, implemented in TIMESAT, successfully fitted the data, with high correlation coefficients
and low errors (R?> 0.9 and RMSE < 0.03 in all cases at the two scales), and identified key seasonal
changes of the natural grasslands. On the ground, daily time series of the GCCc, computed using digital
photography, estimated grassland phenological parameters in accordance with visual inspection and
with the observed climatic conditions of the experimental study period. On the S2 satellite platform,
NDVI was the index that better reproduced ground GCCc behavior, with the highest correlation
(r = 0.83) and less than 10 days of difference for all the phenological parameters studied (representing
less than 5% error within a grass cycle). None of the VIs using bands in the red-edge region improved
the NDVI results. Two of them, MTCI and S2REP, followed a different trend than the rest of the
explored indices. Both indices presented a high temporal variability, which could be explained by
chlorophyll content variations caused by the diversity of species of this grassland, different to the more
homogeneous canopies of previous studies [33,70]. The rest of the indices were more related to foliage
density [69] and presented smoother changes in this canopy.

The abiotic variable that best represented the behavior of GCCc was SM (r = 0.75). The estimation
of SOS and EOS phenological parameters using SM time series presented a good agreement with
GCCc, with SM reaching threshold values a few days before greenness ones, as measured by GCCc.
The values of SM found at the beginning and the end of the growing seasons, when changes between
green and senescent stages occurred, were high according to the modeled soil water holding capacity.
This might indicate that these modeled values were not accurate enough to assess the quick response
of this canopy to the soil drying process. On the other hand, SM was not a good indicator of the POS,
presenting significant biases with respect to GCCc estimations.

Finally, the behavior of NDVI and SM during the four growing seasons points out the synchronized
seasonality shown in this system by the vegetation greenness, measured here by the NDVI and the
SM. Higher agreement was found at the beginning and the end of the dry season, with stage changes
estimated first by SM followed by NDVI with a delay of between 3 to 10 days. Taking into account
these results, it is possible to monitor the water state of the soil from the phenological parameters
obtained with NDVI of S2 and also to determine the phenological state of the cover from the SM with
errors below ten days for this type of coverage.
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