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Abstract: Olive tree cultivation is currently a dominant agriculture activity in the Mediterranean
basin, where the increasing impact of climate change coupled with the inefficient management of
olive groves is negatively affecting olive oil production and quality in some marginal areas. In
this context, satellite imagery may help to monitor crop growth under different environmental
conditions, thus providing useful information for optimizing olive grove management and final
production. However, the spatial resolution of freely-available satellite products is not yet adequate
to estimate plant biophysical parameters in complex agroecosystems such as olive groves, where
both olive trees and grass cover contribute to the vegetation indices (VIs) signal at pixel scale. The
aim of this study is therefore to test a disentangling procedure to partition the VIs signal among the
different components of the agroecosystem to use this information for the monitoring of olive growth
processes during the season. Specifically, five VIs (GEMI, MCARI2, NDVI, OSAVI, MCARI2/OSAVI)
as recorded by Sentinel-2 at a spatial resolution of 10 m over five olive groves in the Montalbano
area (Tuscany, Central Italy), were tested as a proxy for olive tree intercepted radiation. The olive
tree volume per pixel was initially used to linearly rescale the VIs signal into the relevant value
for the grass cover and olive trees. The models, describing the relationship between rescaled VIs
and observed fraction of Photosynthetically Active Radiation (fPAR), were fitted and then validated
against independent datasets. While in the calibration phase, a greater robustness at predicting fPAR
was obtained using NDVI (r = 0.96 and RRMSE = 9.86), the validation results demonstrating that
GEMI and MCARI2/OSAVI provided the highest performances (GEMI: r = 0.89 and RRMSE = 21.71;
MCARI2/OSAVI: r = 0.87 and RRMSE = 25.50), in contrast to MCARI2 that provided the lowest
(r = 0.67 and RRMSE = 36.78). These results may be related to the VIs’ intrinsic features (e.g., lower
sensitivity to atmosphere and background effects), which make some of these indices, compared to
others, less sensitive to saturation effects by improving fPAR estimation (e.g., GEMI vs. NDVI). On
this basis, this study evidenced the need to improve the current methodologies to reduce inter-row
effects and select appropriate VIs for fPAR estimation, especially in complex agroecosystems where
inter-row grass growth may affect remote sensed-derived VIs signal at an inadequate pixel resolution.
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1. Introduction

Olive tree cultivation is one of the most important agricultural systems in Italy, ex-
tending over more than 1 million ha and mainly concentrated in the southern and central
regions [1]. Despite its economic and environmental relevance, this cultivation is cur-
rently threatened by climate change [2–5] and hampered by the lack of modern agronomic
management strategies, favoring the progressive abandonment of olive groves [6,7]. By
contrast, the recovery of this cultivation over abandoned areas and an increase in the pro-
ductive potential of marginal olive groves could enhance farmers’ income and contribute
to preserving and maintaining the rural landscape (CATChCO2-live project, 2017).

In order to address this solution, remote sensing technologies may help farmers to
adopt specific management practices that increase olive production and reduce waste
and input requirements [8,9]. When applied in olive tree cultivations, remote sensing
technologies can provide information about the olive tree biophysical and dimensional
properties such as chlorophyll content [10], soil and plant water status [11], vegetation
growth and canopy dimensions [12], pest and disease outbreaks [13], and management
impacts [14]. The olive grove monitoring is performed by correlating the Vegetation In-
dices (VIs) from high-resolution images with variables such as Leaf Area Index (LAI),
fraction of Photosynthetically Active Radiation (fPAR), soil water dynamics, Net Ecosys-
tems Exchange (NEE), etc. [15–17]. In particular, fPAR, representing the amount of solar
radiation intercepted by leaves and used for the photosynthesis process, can be coupled
with evapotranspiration estimates to simulate olive grove primary production [18]. In this
regard, the multi-temporal monitoring of fPAR with remote sensing technologies may allow
for assessing the seasonal trend of biomass accumulation and abiotic stresses affecting the
final production in olive groves.

The most used VI for deriving fPAR and ensuring ecosystem monitoring is the Nor-
malized Difference Vegetation Index (NDVI). However, given well-known issues related to
its saturation and sensitivity to atmospheric and background effects [19,20], alternative VIs
were frequently developed and adopted to accurately estimate plant biophysical properties
under different environmental conditions. Among these, the GEMI index [21], developed
to reduce the effect of the atmosphere, the OSAVI index [22], to reduce the effect of soil back-
ground on sparse and dry vegetation, the MCARI2 [23] to improve the predictions of some
plant biophysical parameters (e.g., LAI), and MCARI/OSAVI and TCARI/OSAVI, which
have been found to be useful solutions to further minimize the errors derived from soil
background effects and vegetative parameters (e.g., LAI) variability [10,24], are promising
VIs to avoid NDVI-use constraints.

However, with olive trees the current spatial resolution of the Copernicus satellite prod-
ucts does not allow one to accurately disentangle the tree component from the grass layer.
Thus, the adoption of segmentation algorithms and appropriated methodologies become
essential to separate the VIs contribution between the woody (i.e., olive trees) and grass
layers [18]. Although high spatial resolution (~3 cm) of sensors installed on an Unmanned
Aerial Vehicle (UAV) can overcome these issues, UAV technology often requires high costs
due to equipment and field campaigns [25]. The use of multi-temporal data acquired
from satellite freely accessible web platforms (https://scihub.copernicus.eu; accessed on
12 January 2022), can provide a suitable alternative to reduce these costs. For this reason,
the development of low-cost methodologies able to rescale VIs contribution of satellite
images and to disentangle grass cover from olive tree canopies is increasingly needed.

Building on these premises, this study aims at testing a methodology for partitioning
the contribution of olive trees to VIs in Sentinel-2 imageries, to be used as a proxy for
improving the fPAR estimation and monitoring at sub-field level during the growing
season. The proposed methodology was calibrated and validated in five olive groves
located in the Montalbano area (Tuscany, Central Italy), which encompasses different
climates, plant density, pruning system and soil management practices and considers the
performances of different VIs, namely GEMI, MCARI2, NDVI, OSAVI and MCARI2/OSAVI
at the pixel resolution of 10 m under different years. The results are discussed highlighting

https://scihub.copernicus.eu
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the potential contribution of this approach to optimize the farm schedule and aid farmers’
decision making, by also suggesting possible implications in crop modeling for improving
the within-field olive tree monitoring and for assessing the climate change impacts on
olive groves.

2. Materials and Methods
2.1. Study Area

The study area is located in the Montalbano district (Lat. 43.81◦, Long. 10.97◦), Tuscany
Region (Italy; Figure 1). The area has a Mediterranean climate, with mild winters, hot and
dry summers and precipitation mainly concentrated in spring and autumn. Mean annual
air temperature is 14.5 ◦C (1950–2020 average), with the average maximum and minimum
recorded in July (30.1 ◦C) and January (1.8 ◦C), respectively. Average annual precipitation
is 865 mm, while the daily mean global radiation shows on average the highest peak in June
(526 W m−2) and the lowest in January (143 W m−2; https://surfobs.climate.copernicus.eu/;
accessed on 3 March 2022).
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Figure 1. Study area and experimental sites (1–5) in hilly and flat areas of Montalbano district
(Tuscany, Italy).

The study was conducted in five olive groves (sites 1–5), characterized by different
planting ages, density and management practices (Table 1). The soil texture was mainly
sandy loam, even if there were some soil differences among the study sites (Table 1;
https://www.regione.toscana.it/-/geoscopio; accessed on 3 March 2022).
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Table 1. Description of the five test sites with relative plant, soil and management characteristics.

Site Information Site 1 Site 2 Site 3 Site 4 Site 5

O
liv

e
tr

ee
s

ch
ar

ac
te

ri
st

ic
s

an
d

m
an

ag
em

en
t

Location 43.68◦ N, 10.93◦ E 43.81◦ N, 10.93◦ E 43.81◦ N, 10.92◦ E 43.83◦ N, 10.88◦ E 43.69◦ N, 10.99◦ E

Varieties Frantoio, Moraiolo,
Leccino

Frantoio, Moraiolo,
Leccino

Frantoio, Leccino,
Maurino

Frantoio, Moraiolo,
Leccino

Frantoio, Moraiolo,
Leccino

Plant age >70 years 35–40 years ~25 years ~13 years
~8 years (young

plants), ~50 years
(old plants)

Planting density 6 × 11 m 5 × 6 m * 4.5 × 4.5 m * 5 × 6 m * 5 × 6 m
Training system Polyconic vase Polyconic vase Polyconic vase Polyconic vase Polyconic vase
Pruning period March–May March March–May February–March January–February

Fertilization period April March January + May March December–January
Fertilization type Organic mixed Organic mixed Organic Organic mixed Organic mixed

Pest control period
(B. oleae) July–September July–September July–September July–September July–September

Pest control type
(B. oleae)

Integrated Pest
Manag.

Integrated Pest
Manag.

Organic Pest
Manag.

Integrated Pest
Manag. Chemical Manag.

Harvest period October–December October–December October–December October–December October–November

Harvest type Mechanical
(vibrating rakes)

Mechanical
(vibrating rakes)

Mechanical
(vibrating rakes)

Mechanical
(vibrating rakes)

Mechanical
(vibrating rakes)

So
il

ch
ar

ac
te

ri
st

ic
s

an
d

m
an

ag
em

en
t

Inter-row treatment Tillage (June) Grass cutting
(3 cuts/y)

Grass cutting
(2 cuts/y), olive

pomace, soil milling

Grass cutting
(3–4 cuts/y), soil

milling after
fertilization

Grass cutting
(1–2 cuts/y)

Clay (%) 16 12 12 12 39
Sand (%) 61 56 56 56 10
Silt (%) 23 32 32 32 51

Org. Matter (%) 2.3 1.5 1.5 1.5 1.5

* No regular planting density.

2.2. Field Data Collection and Images Acquisition

The data were collected for the period 2018–2021 in all five study sites. The fPAR was
measured over two periods: in June, at phenological stages of fruit-set (BBCH 69); and
in September, at olive color change (BBCH 80). In 2021 and only for sites 1 and 5, two
additional field campaigns were conducted in order to evaluate the fPAR pattern during
dry periods.

The fPAR was measured with an AccuPAR LP-80 Ceptometer (Decagon Devices, Inc.,
Pullman, Wash), considering the ratio between PAR below (PARb) and above (PARa) of the
olive tree canopies.

1− PARb
PARa

All fPAR data were collected each meter along a transect line and below the olive tree
canopies. The transect lines covered a total of 43 pixels, and in detail: 17 (two rows of 52 m
each), 6 (two rows of 22 m each), 8 (one row of 43 m), 8 (one row of 47 m) and 4 (eight rows
of 20 m each) for sites 1 to 5, respectively. Furthermore, planting density, two orthogonal
diameters (m) of the canopy crown, and height (m) of olive trees were also measured at
each study site.

Sentinel-2 images (2A product-surface reflectance) at a pixel resolution of 10 m were
downloaded from the official Copernicus Open Access Hub (https://scihub.copernicus.
eu; accessed on 12 January 2022) for each site during the period of the field campaigns
(2018–2021). The images (Red Green Blue, RGB, and Near InfraRed, NIR) were post-
processed in the R software environment (version 4.1.2) by removing clouds and shadows
using the Scene Classification algorithm of the Sentinel-2 toolbox. All seasonal cloud-free
images were used for analyzing the VIs trends in each study site while only the cloud-free
images close to sampling dates, with a minimum distance of 0 days to a maximum of 9 days
with ground observations, were adopted for comparing VIs-derived and observed fPAR.

https://scihub.copernicus.eu
https://scihub.copernicus.eu
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2.3. VIs Estimation

Five VIs were calculated for each 10 m pixel of Sentinel-2 images in the study sites
using the following equations:

(i) Global Environment Monitoring Index (GEMI; [21]):

GEMI =
(

n · (1− 0.25 · n)−
(

R− 0.125
1− R

))
(1)

n =
2 · (NIR2 − R2) + 1.5 · NIR + R · 0.5

NIR + R + 0.5

(ii) Modified Chlorophyll Absorption in Reflectance Index 2 (MCARI2; [23]):

MCARI2 = 1.5 ·

 2.5 · (NIR− R)− 1.3 · (NIR− G)√
(2 · NIR + 1)2 − (6 · NIR− 5 ·

√
R)− 0.5

 (2)

(iii) Normalized Difference Vegetation Index (NDVI; [26]):

NDVI =
NIR− R
NIR + R

(3)

(iv) Optimized Soil Adjusted Vegetation Index (OSAVI; [22]):

OSAVI = (1 + Y) · NIR− R
NIR + R + Y

(4)

With Y = 0.16
(v) MCARI2/OSAVI ratio ([22,23]):

MCARI2/OSAVI =
1.5 ·

(
2.5·(NIR−R)−1.3·(NIR−G)√

(2·NIR+1)2−(6·NIR−5·
√

R)−0.5

)
(1 + Y) · NIR−R

NIR+R+Y
(5)

With Y = 0.16.

where NIR = Near Infra-Red (~833 nm), R = Red (~665 nm) and G = Green (~560 nm)
bands (https://sentinels.copernicus.eu/; accessed on 12 January 2022).

2.4. VIs Rescaling and fPAR Estimation on a Pixel Scale

The initial VIs values (GEMI, MCARI2, NDVI, OSAVI and MCARI2/OSAVI) obtained
for the pixels under analysis were partitioned for woody and grass layers by considering
the relationship existing between olive tree fraction canopy cover (FC) and the value of
relevant VI (Figure 2). Firstly, the olive tree volume coverage was calculated using the
measured crown diameters and plant height as a basis to construct an ellipsoid for each of
the olive trees present in the Sentinel-2 pixel (Table S1; Figure 2A). Then, olive tree volume,
expressed as the percentage of a 3D Sentinel-2 pixel (Figure 2B; Table S2), was correlated to
the VIs signal to extrapolate the potential VIs at full olive tree coverage (Figure 2C; Table S3).
In this context, the trend of the Pearson’s correlation coefficient, slope and intercept values
of the VIs-olive tree volume correlations were analyzed during the season, for identifying
the highest performing models from which the potential VIs at full olive tree coverage
have been extracted. These last potential VIs values were then rescaled with the actual
olive tree volume in the pixel to its actual value, following [18,27]. Linear relationships
between rescaled VIs and the relevant measured fPAR were then fitted and validated in
areas with contrasting climates and management practices to test the robustness of the
proposed strategy. Finally, the previous linear relationships were evaluated during the
season by comparing the rescaled VIs with the fPAR field observations mainly collected in

https://sentinels.copernicus.eu/
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June and September. Only for sites 1 and 5 in 2021, the VIs-fPAR correlations were assessed
using a more detailed temporal resolution covering almost every month of the vegetation
period (April-September; Table S2).
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Figure 2. VIs rescaling procedure based on the olive tree volume coverage. (A) Ellipsoid shape of
the olive tree calculated on the observed diameter and plant height; (B) estimation of the olive tree
volume coverage in the pixel of Sentinel-2; (C) potential Vis’ value extraction based on the previous
information. VIsObsMax and VIsObsMin are the maximum and minimum observed VI values for all
pixels of the Sentinel-2 image, respectively. OVObsMax and OVObsMin are the maximum and minimum
olive tree volume coverage in the Sentinel-2 pixels, respectively. VIsFullCC corresponds to VI at full
olive tree coverage.

2.5. Statistical Analysis

The model performances for calibration and validation were assessed using the Pear-
son’s correlation coefficient (r, Equation (6)), the Coefficient of Residual Mass (CRM,
Equation (7)), the Modeling Efficiency coefficient (EF, Equation (8)) and the Relative Root
Mean Squared Error (RRMSE, Equation (9)).

r =

n
∑

i=1
(Oi −O) · (Pi − P)√

n
∑

i=1
(Oi −O)

2 ·
n
∑

i=1
(Pi − P)2

(6)

CRM =

n
∑

i=1
Oi −

n
∑

i=1
Pi

n
∑

i=1
Oi

(7)

EF = 1−

n
∑

i=1
(Pi −Oi)

2

n
∑

i=1
(Oi −O)

2
(8)

RRMSE =

[
n

∑
i=1

(Pi −Oi)
2

n

]0.5

· 100
O

(9)

where Oi is the observed value, Ō is the average of the observed values, Pi is the predicted
value and n is the number of observations.

3. Results

The methodology proposed in this study was used for disentangling the fPAR con-
tribution between olive trees and grass cover, by comparing the field observations of the
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canopy intercepted radiation with the remote sensed-derived VIs in a pixel of Sentinel-2.
Initially, we analyzed the trend of observed fPAR collected in different field campaigns
during the vegetative season. The four samplings performed in sites 1 and 5 from April
to September revealed a low seasonal variability of fPAR where the peak is observed in
May-June (fPAR = 0.35 in site 1, the average for all pixels in May; fPAR = 0.22 in site 5, the
average for all pixels in June) in correspondence with the phenological stages of flowering
and fruit-set (BBCH 65, 69). Afterwards, the fPAR is maintained stable until September
(site 1 = 0.34 on average from May to September; site 5 = 0.21 on average from the peak to
the end of the season; olive color change stage, BBCH 80; Table S2). This seasonal trend has
been accompanied by equally little variation in olive tree volumes over the study period
(e.g., ~0.08 m of the radius variation during season 2018–2021 on average for 10 sample
plants of site 1, Tables S1 and S2).

As a prerequisite for the application of the proposed methodology, we initially assessed
whether there is a relationship between fraction cover and vegetation indices (Figure 3).
Detailing the results for sites 1 and 2, used in the calibration stage, all the tested VIs
provided a generally high degree of correlation with olive tree FC, ranging from r = 0.77
(GEMI, p < 0.01) to r = 0.67 (MCARI2/OSAVI, p < 0.01; Figure 3a). As a result of the
rescaling procedure, five fPAR predicting models were calibrated by regressing each VI,
rescaled on pixel scale according to its FC, and the relevant observed olive tree fPAR. All
VIs showed a high degree of correlation with fPAR, where NDVI provided the highest
performances (r = 0.96; CRM = 0.00; EF = 0.93; RRMSE = 9.86) and MCARI2/OSAVI the
lowest (r = 0.87; CRM = 0.00; EF = 0.87; RRMSE = 13.57).

The robustness of these models was tested against independent datasets, which were
pooled together (Table S4, Figures 4 and S6–S8). In this context, the GEMI-derived model
preserved a high degree of robustness, (r = 0.89; CRM = 0.11; EF = 0.69; RRMSE = 21.71)
with the MCARI2/OSAVI-derived model yielding similar performances (r = 0.87; CRM =
0.14; EF = 0.58; RRMSE = 25.50). Conversely, the model calibrated with MCARI2 resulted
in being less robust in simulating fPAR (r = 0.67; CRM = 0.14; EF = 0.12; RRMSE = 36.78)
with slightly better results for NDVI (r = 0.78; CRM = 0.10; EF = 0.46; RRMSE = 28.88) and
OSAVI (r = 0.79; CRM = 0.12; EF = 0.44; RRMSE = 29.39; Table S4, Figures 4 and S6–S8). This
identifies GEMI and MCARI2/OSAVI as the most appropriate indexes for estimating the
fPAR of olive tree canopies, regardless of planting densities and soil management practices.

Since these models rely on a VIs–FC relationship obtained for specific dates (e.g., June
2019, 2020 for sites 1 and 2, as shown in Figures 3 and S5), we tested the hypothesis that
the characteristics of the regression line (e.g., intercept, slope and Pearson’s correlation
coefficient) may vary during the season in response to a different distribution between
the herbaceous layer and olive tree canopy (Figures 5 and S1–S4). In site 1 (2018–2021),
analyses have demonstrated that the relationship between VIs and FC has a strong seasonal
pattern, where the highest slope and Pearson’s correlation coefficient and lowest intercept
were generally observed in the summer (the driest period). Conversely, in autumn-winter
(wet period), the correlation gradually loses its significance (Figures 5 and S1–S4). As a
matter of fact, this implies that, for a good partitioning of the signal from remote sensing
between herbaceous and tree components, the VIs-FC relationship should be recalibrated
during the season in response to different environmental conditions (e.g., wet climate).
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Figure 5. Intercept, Slope and Pearson’s correlation coefficient trends derived by the correlation
between GEMI and olive tree pixel volume over the period 2018–2021 in Site 1. The seasonal
trend of precipitation (mm) for the same period is displayed on the secondary y-axis. The data
collection dates used for calibration and validation procedure are evidenced by red and blue diamond
symbols, respectively.

4. Discussion

This work had two main objectives, the first one consisted of evaluating a methodology
to partition the signal from remote sensing and to identify the contribution due to olive
trees in areas characterized by different climates, plant density, pruning system and soil
management practices. The second goal was to apply the results of this methodology to
test the effectiveness of five VIs to provide a robust fit fPAR at pixel scale.

Partitioning the VIs’ signal in mixed pixels is a crucial step for improving the estima-
tion of ecosystem processes by using freely available optical satellite imageries [18,27,28].
Although the spatial resolution of most remote sensing platforms could be adequate for
crop monitoring growth and production at full canopy cover [29–31], it does not allow the
VI contribution to be disentangled between woody and grass layers in olive groves, thus
resulting in being less effective in monitoring the actual olive tree growth processes during
the season.

The procedure proposed in this work has proved effective in highlighting the different
contributions of the woody and herbaceous parts by using the satellite signal of Sentinel-2,
paving the way for determining the value of the canopy intercepted radiation relevant to
olive trees and grass cover during the season. To achieve this purpose and for evaluating
the reliability of rescaled VIs and fPAR correlations, the methodology was calibrated
and validated in typical Mediterranean olive groves characterized by different olive tree
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canopy dimensions, planting density, climates and management practices, all aspects that
unavoidably affect the radiation interception processes [15,32–34].

Initially, the VIs signal was rescaled by considering the volume actually occupied
by the foliage of olive trees within a constant volume determined by the size of the pixel
of Sentinel-2 (10 × 10 m) and from the maximum height of olive trees assumed to be
5 m. Differently from approaches where signal partitioning relies on the use of crop
fraction cover calculated as the orthogonal projection of the canopy on the ground in a
2D space [18,27,28], our approach takes its cue from the fact that olive canopies, even
with same projection to the ground, can differ in height, thus significantly altering the
relationship between the fraction cover and the VIs (Figure 2). As a consequence, for the
same fraction cover, the VIs may greatly change from relatively low (low canopy thickness)
to relatively high (high canopy thickness). The 3D rescaling procedure we proposed tried
to remove this possible bias resulting in a more accurate methodology for estimating fPAR
compared to the two-dimensional approach.

Considering the seasonal dynamics of the components of the olive agroecosystem,
we recalibrated the function used for signal partitioning during the season. The analysis
of the intercept, slope and Pearson’s correlation coefficient of the VIs-olive tree volume
relationship for the different VIs demonstrated that the slope of this relationship gradu-
ally increases during the season (from winter-spring to summer), leading to a higher VI
extrapolated to a fraction cover = 1, as the effect of an increased LAI. At the same time, the
intercept, which corresponds to fraction cover = 0 (i.e., grass cover = 1) is higher in spring,
when grass is still in full development, and gradually decreases up to summer, when the
VIs signal is mostly due to the olive tree canopy only, as in a Mediterranean climate grass
development gradually declines in this season, due to summer drought. In autumn-winter,
this trend is reversed as increased rainfall results in a progressive re-greening of the grass
layer [16], which also offsets the significance of the relationship (Figures S9 and S10). This
trend suggests that the approach we proposed about the seasonal re-calibration of VIs-FC
correlation could be simplified by extracting a single seasonal potential VI value from the
olive tree-VIs correlation (Figure S5). Similar to seasonal weather conditions, the trend of
the VIs-FC correlation may be affected by agro-management practices during the season.
In site 1, for example, the inter-row tillage at the end of May-beginning of June contributes
to reducing the intercept value of the VIs-olive tree volume correlation. Compared to
grass cutting, the application of tillage, by removing inter-row grass and simulating the
previous conditions during dry periods, improved the simulation of the olive tree fPAR
from satellite-derived VIs (Figures S9 and S10).

Despite the seasonal variability of the VIs-FC relationship, we found that this remains
in any case stable for most of the spring-summer (dry period) as evidenced in Figures 5
and S1–S4 for the intercept and slope of the VIs-FC correlation (from June to September).
Indeed, considering that the FC of mature olive trees does not change significantly during
the vegetative season, as shown in the Results section, our approach can be simplified
by using a single olive tree volume-VIs correlation, calibrated at the beginning of the dry
period, for rescaling the VI value and simulating fPAR (Figures S5–S8). In this context,
the behavior of GEMI and MCARI2/OSAVI, obtained under different sites (1 and 2) and
agro-management practices (e.g., tillage vs. grass cutting; Figure 3a) also suggests that
some VIs, because of their intrinsic features, can reduce background effects compared
to others (e.g., NDVI). This validates our hypothesis of the possibility to adopt a single
Vis–olive tree volume correlation at the beginning of the season.

Concerning the VIs behavior, some works indicated NDVI as the most used index for
monitoring the biophysical parameters of olive trees [12,35]. However, many applications
revealed that this index is less suitable for olive tree monitoring given its high sensitivity
to saturation, and atmospheric and soil background effects [19,20,23]. Our results are in
line with these observations, as this index proved less robust in simulating the olive tree
fPAR in different environmental conditions when compared to the other VIs (Table S4,
Figures 5 and S6–S8). In contrast, GEMI and MCARI2/OSAVI, which were specifically
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developed for a reduced high sensitivity to saturation and to minimize the atmospheric
and soil background effects and the variation to LAI canopy changes [10,21–23], provided a
more robust estimation of fPAR, regardless of planting density and inter-row management
practices in the validation sites. In this context, the poorest performances were shown by
MCARI2, especially when applied to simulate olive tree fPAR (Figure 4).

These poor performances could be due to the rescaled VIs-Observed fPAR correlation
during the calibration stage (Figure 3b). Indeed, despite the rescaled MCARI2-Observed
fPAR correlation exhibiting higher results (r = 0.96), its high slope value (2.98 vs. 1.74
and 1.65 for GEMI and MCARI2/OSAVI, respectively), determined a higher increase
in observed fPAR values to MCARI2 variation. At the same value of rescaled VI, thus,
MCARI2 showed higher observed fPAR values compared to the previous VIs, whilst
proportionally increasing the value of the rescaled VIs, the increase in observed fPAR
determined by MCARI2 was higher than that produced by GEMI and MCARI2/OSAVI
(~ 1.71 and 1.81 times higher, respectively). This result was in agreement with [23], which
proposed the MCARI2 index as a modified version of the previous MCARI for maximizing
the response to green LAI variation. MCARI2, since it is sensitive to NIR reflectance, proved
to be a good predictor of the canopy evolution and the variation of vegetation type and
structures [36,37]. However, the same sensitivity to NIR variations can make this index
variable to the changes in biophysical parameters of canopies, especially under different
weather and management conditions (Figures 5, S9 and S10).

Based on the previous considerations, the methodology proposed and the VI-derived
fPAR models obtained in this study are able to provide on average an accurate disentan-
gling of the woody and herbaceous fPAR in olive groves. This result may be selected
for implementing process-based crop models (e.g., [16]) with the purpose of providing
alternative ways to the LAI-based estimates used for the light interception process, by
integrating the remotely derived field observations obtained by satellite platform in the
model and thus improving the spatial model resolution for seasonal crop monitoring.

5. Conclusions

Satellite imagery is a useful tool for olive tree monitoring and the evaluation of within-
field crop variability, providing detailed information for optimizing agro-management
practices and farm schedules. However, the spatial resolution of most satellite products
does not allow us to accurately estimate the olive groves’ dynamics, because of the com-
plexity of a system characterized by two main components: trees and grass.

The methodology proposed in this study demonstrated satisfactory performances when
applied to estimate the olive tree fPAR by disentangling the olive tree and grass contribution
from five Sentinel-2-derived VIs (GEMI, MCARI2, NDVI and OSAVI, MCARI2/OSAVI) in
10 m pixel resolution. In particular, the olive tree pixel volume-VIs correlation used for
rescaling VIs signal provided good performances during the dry period when the grass
cover is relatively low by improving the fPAR estimates. In these conditions, the best per-
formances at simulating olive tree fPAR were obtained using GEMI and MCARI2/OSAVI,
whilst the poorest performances were reported by MCARI2 likely due to its sensitivity
to NIR reflectance variability, which may influence the fPAR overestimation, especially
in conditions of high inter-row grass cover. This sensitivity should be considered when
remote sensing is used in olive groves, since the two components of this system may be
differently influenced by the seasonal weather conditions and management.

In order to address the increasing climatic issues and to approach precision olive
growing, the development of a methodology for disentangling olive tree and grass compo-
nents, as well as the identification of the most adequate VIs for fPAR estimation is essential.
Indeed, the approach proposed in this study may allow useful and cost-effective informa-
tion to be extracted from satellite remote sensing systems, which could be integrated into
crop growth models for improving crop monitoring and the evaluation of climate change
impacts on agroecosystems. Moreover, this information could also be used to well-schedule
agricultural practices, such as pruning, pest and diseases control, irrigation, etc., when
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coupled to seasonal weather forecasts. In this context, this study paves the way to defining
specific strategies for the monitoring of olive groves fPAR, by means of freely available and
cost-effective satellite optical products.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/agronomy12071540/s1, Table S1: Average olive tree dimensions
(diameters and height, m), volume (m3), relative volume and fPAR (observed and observed rescaled)
data for all sites and periods (min = mini-mum, max = maximum and avg = average); Table S2:
Olive tree volume, fraction cover and observed fPAR in the Sentinel-2 pixel of the experimental
sites. Loc = Location; FC = Fraction Cover; “-” = missing data; Table S3: Potential VIs values (GEMI,
MCARI2, NDVI, OSAVI, MCARI2/OSAVI) at full olive tree cover in the Sentinel-2 pixel for all
combinations of sites and dates. In bold, the VIs values derived from the calibration dataset; Table S4:
Results of the correlations between observed and VIs-derived fPAR for each study site and period.
The calibration results are in bold; Figure S1: Intercept, Slope and Pearson’s correlation coefficient
trends derived by the correlation between MCARI2 and Olive tree pixel volume percentage over
the period 2018–2021 in Site 1. The seasonal trend of precipitation (mm) for the same period is
displayed on the secondary y-axis. The data collection dates used for calibration and validation
procedure are evidenced by red and blue diamond symbols, respectively; Figure S2: Intercept, Slope
and Pearson’s correlation coefficient trends derived by the correlation between NDVI and Olive tree
pixel volume percentage over the period 2018–2021 in Site 1. The seasonal trend of precipitation
(mm) for the same period is displayed on the secondary y-axis. The data collection dates used for
calibration and validation procedure are evidenced by red and blue diamond symbols, respectively;
Figure S3: Intercept, Slope and Pearson’s correlation coefficient trends derived by the correlation
between OSAVI and Olive tree pixel volume percentage over the period 2018–2021 in Site 1. The
seasonal trend of precipitation (mm) for the same period is displayed on the secondary y-axis. The
data collection dates used for calibration and validation procedure are evidenced by red and blue
diamond symbols, respectively; Figure S4: Intercept, Slope and Pearson’s correlation coefficient
trends derived from the correlation between MCARI2/OSAVI and Olive tree pixel volume percentage
over the period 2018–2021 in Site 1. The seasonal trend of precipitation (mm) for the same period
is displayed on the secondary y-axis. The data collection dates used for calibration and validation
procedure are evidenced by red and blue diamond symbols, respectively; Figure S5: Correlations
among the olive tree volume and the not re-scaled VIs in the Sentinel-2 pixel. In this case, a single
correlation combining different sites and dates was extracted for each VI (a); Correlations among the
rescaled VIs and the fPAR observed in the Sentinel-2 pixel (b); Correlations among observed and
simulated fPAR after calibration (c). NS = Not Rescaled; R = Rescaled. The correlation among olive
tree volume and NS Index was extracted; Figure S6: Comparison between observed and VI-derived
fPAR (GEMI, MCARI2, NDVI, OSAVI and MCARI2/OSAVI) over four dates in 2021 and for all pixels
of Site 1; Figure S7: Average trend of observed and VIs-derived fPAR (GEMI, MCARI2, NDVI, OSAVI
and MCARI2/OSAVI) over four dates in 2021 and for all pixels of Site 1; Figure S8: Average trend of
observed and VIs-derived fPAR (GEMI, MCARI2, NDVI, OSAVI and MCARI2/OSAVI) over four
dates in 2021 and for all pixels of Site 2; Figure S9: Correlation between observed and VIs-derived
fPAR (GEMI and MCARI2) in pixels with different inter-row conditions for four periods (April, May,
August and September 2021) in Site 1. The colors of the image legends correspond to the colors of the
correlations; Figure S10: Correlation between observed and VIs-derived fPAR (GEMI and MCARI2)
in pixels with different inter-row conditions for two periods (July 2021 and September 2020–2021) and
two sites (Site 2 and 3). The colors of the image legends correspond to the colors of the correlations.
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