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Abstract: Discriminating between woody plant species using a single image is not straightforward
due to similarity in their spectral signatures, and limitations in the spatial resolution of many sensors.
Seasonal changes in vegetation indices can potentially improve vegetation mapping; however,
for mapping at the individual species level, very high spatial resolution is needed. In this study
we examined the ability of the Israel/French satellite of VENµS and other sensors with higher
spatial resolutions, for identifying woody Mediterranean species, based on the seasonal patterns of
vegetation indices (VIs). For the study area, we chose a site with natural and highly heterogeneous
vegetation in the Judean Mountains (Israel), which well represents the Mediterranean maquis
vegetation of the region. We used three sensors from which the indices were derived: a consumergrade ground-based camera (weekly images at VIS-NIR; six VIs; 547 individual plants), UAV imagery
(11 images, five bands, seven VIs) resampled to 14, 30, 125, and 500 cm to simulate the spatial
resolutions available from some satellites, and VENµS Level 1 product (with a nominal spatial
resolution of 5.3 m at nadir; seven VIs; 1551 individual plants). The various sensors described
seasonal changes in the species’ VIs at different levels of success. Strong correlations between the
near-surface sensors for a given VI and species mostly persisted for all spatial resolutions ≤125 cm.
The UAV ExG index presented high correlations with the ground camera data in most species (pixel
size ≤125 cm; 9 of 12 species with R ≥ 0.85; p < 0.001), and high classification accuracies (pixel size
≤30 cm; 8 species with >70%), demonstrating the possibility for detailed species mapping from space.
The seasonal dynamics of the species obtained from VENµS demonstrated the dominant role of
ephemeral herbaceous vegetation on the signal recorded by the sensor. The low variance between the
species as observed from VENµS may be explained by its coarse spatial resolution (effective ground
spatial resolution of 7.5) and its non-nadir viewing angle (29.7◦ ) over the study area. However,
considering the challenging characteristics of the research site, it may be that using a VENµS type
sensor (with a spatial resolution of ~1 m) from a nadir point of view and in more homogeneous and
dense areas would allow for detailed mapping of Mediterranean species based on their seasonality.
Keywords: VENµS; unmanned aircraft vehicles; ground camera; Mediterranean vegetation; plant
phenology
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1. Introduction
1.1. Remote Sensing of Phenology
Discrimination between plant species via remote sensing is not straightforward due
to similar or overlapping spectral signatures for species with similar characteristics [1].
However, considering the seasonal dynamics of plants potentially allows for identification
at the species level. Phenology characterizes the recurring seasonal events in a plant’s
biological life-cycle [2], such as budburst and flowering, and can be investigated, inter alia,
using spectral vegetation indices (VIs) [3]. The seasonal timing and order of phenological
events vary between plant species, influenced by their evolutionary history [4], local
environmental conditions such as temperature and precipitation [5], and factors such as
day length and regional climate conditions [6]. Interest in quantifying changes in plant
phenology over large scales has increased as it can serve as an indicator for climatic
changes [7].
Phenological monitoring of plants has traditionally been conducted by human visual
observations, often characterized by high spatial resolution, which provides detailed
information about the phenology of the plants at the species-scale or individual plant
scale [8]. However, plant surveys are considered impractical for monitoring large or
inaccessible areas [9–11].
Land surface phenology (LSP) is the study of plant phenology at regional to global
scales as assessed from data acquired through the use of space-borne optical sensors [12].
LSP includes the use of vegetation indices, quantification of the greenness of plants, and
extraction of metrics such as start of season (SOS), maximum of season (MOS), and end
of seasons (EOS) [12]. Due to the limited spatiotemporal resolutions in VI products, and
mixed pixel effect, near-surface remote sensing is often used to quantify phenological
changes [5,13–15].
The adoption of platforms such as unmanned aerial vehicles (UAVs) for calibration
and validation of plant monitoring was encouraged by recent technological development,
relatively low cost [11], and the trade-off between the spatial and temporal resolution of
“traditional” satellites [1]. The enhanced spatial resolution of UAVs (centimeters and even
millimeters) raises the ability to distinguish between objects, increases the number of pure
pixels, and enables reliable monitoring of phenological details [16,17].
Although phenological transition dates are captured well by information extracted using
infrastructure-based fixed location photography such as the PhenoCam network [15,18–21],
there are difficulties with comparing the platforms products to overhead products because
of differences in viewing geometry. Due to the oblique (rather than nadir) viewing angle
of the camera, it sees more layers of leaves (higher Leaf Area Index) [21], and is prone to
higher signal contribution from the understory vegetation (compared to contribution from
the canopy top) [8]. In addition, since the products of ground photography are not spatially
georeferenced, it is difficult to link a specific pixel recorded from the ground camera, to
that of pixels acquired from overhead platforms [22].
Due to the availability of PhenoCam data and simple sensors (i.e., digital camera as
ground-based or mounted on UAV), many remote sensing vegetation monitoring studies have been using vegetation indices in the visible light range (VIS) such as: relative
green [17,23,24], relative red [16,19], and (ExG) excess green [18,25].
1.2. Remote Sensing of Mediterranean Vegetation
Identification of different species in Mediterranean woodlands (also known as maquis [26])
is a challenging task for remote sensing due to morphological resemblance [27], and
dense growth of evergreen trees and shrubs, some of which have a similar spectral
signature [28,29]. Moreover, the challenge increases with the contribution of the understory of mostly herbaceous species to the spectral signal in the wet season [30]. Given this
complexity, accurate detection of Mediterranean vegetation at the individual plant and
species level often requires the use of hyperspectral sensors (images in hundreds of narrow
bands) covering a wide spectral range [31–33].

Remote Sens. 2021, 13, 1958

3 of 27

The need for frequent data collection over large natural areas in phenology studies
makes the use of hyperspectral sensors less cost-effective. Weil et al. [27,34] used high
spatial and temporal resolution time series of VIs from a consumer-grade digital camera
(with VIS-NIR range) and overhead UAV imagery, to extract and quantify phenological
information of common 12 Mediterranean woody species. Despite the near-surface high
identification results (>85%, Kappa = 0.82), the ability for detailed mapping did not persist
for micro-satellite (Planet Labs) 3–5 m imagery, probably due to mixed pixel problems.
1.3. Improved Resolutions for Quantifying Phenology (from Space)
The trade-off between the spatial and temporal resolution of satellites present a
fundamental challenge when monitoring vegetation phenology throughout the year [35],
and coarse spatial resolution satellites with a revisit time of few days, such as MODerate
resolution Imaging Spectroradiometer (MODIS), have been used for successful monitoring
of vegetation phenology across ecosystems on a global scale [36].
However, even satellites with moderate spatial resolution such as Landsat and Sentinel
2A (10–60 m depending on the band [37]), may not be sufficient to monitor phenological
changes of different plant species that are not spectrally distinct, as the pixel size is bigger
than the size of individuals plants [38].
The Vegetation and Environment monitoring on a New Micro-Satellite (VENµS)
(250 kg) offers an attractive alternative for monitoring vegetation. VENµS is a joint space
system venture of the Israeli and French national space agencies that was launched in
August 2017. VENµS provides data with a nominal spatial resolution of 5.3 m (at nadir)
in 12 narrow spectral bands (from 420 to 910 nm), with four red-edge bands and two
NIR bands, every two days in a constant viewing angle (sun-synchronous orbit at 720 km
height), for more than 100 sites globally, and for most of Israel [39]. Its high temporal
resolution potentially increases the number of cloud-free images per season and may
therefore improve the ability to detect short-term seasonal changes.
1.4. Aims
This work seeks to examine the possibility of identifying woody Mediterranean species
from space, following the methodology in Weil et al. [27,34], and based on the seasonal
patterns of vegetation indices in spatial resolutions which range between those of UAVs
(cm) and VENµS (5 m) imagery, taking advantage of the red-edge bands of VENµS not
available on Planet Labs satellites. In other words, this work explores what is the maximum
pixel size for identifying specific species in a natural and heterogeneous environment,
based on their seasonal dynamics, as expressed by time series of spectral vegetation indices
that can be produced from satellites. Accordingly, the specific aims of this study were to:

•

•
•
•
•

Examine the compatibility between the seasonal patterns of vegetation indices derived
from near-surface sensors (ground camera and UAV) and VENµS as a function of their
spatial resolution.
Compare the ability of different vegetation indices to describe the seasonality patterns
of woody Mediterranean plant species at different spatial resolutions.
Check the effect of herbaceous vegetation on the temporal patterns of vegetation
across multiple spatial resolutions.
Explore the ability for detailed vegetation mapping from space (classification of plant
individuals at the species level), at the spatial resolution of VENµS.
Analyze the spatial factors explaining phenological metrics derived from VENµS for
woody Mediterranean vegetation.

2. Materials and Methods
2.1. Study Area
The study area (Mata) is located in the south-facing slope of Zanoach wadi, in the
Judaean Mountains, Israel (Figure 1). The Mediterranean vegetation in Mata is composed
of sparse woody plants, thus increasing the possibility to identify individual plants via
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2.2. Datasets
2.2.1. Ground Photos
The near-surface data collection, pre-processing, outliers’ removal and smoothing
method used in this section are described in detail in Weil et al. [27]. We collected the data
on a weekly basis, from 28 December 2017, to 22 January 2019 (57 dates) (Figure 3), using an
infrared-modified Canon EOS 600D, equipped with two external filters, X-Nite CC1 (RGB)
and X-Nite 780 (NIR) (LDP-LCC labs) (response function in Figure 2). We photographed
at noon using a tripod from a fixed location on an opposite slope, at a distance ranging
between 300 to 700 m (Figure 1).
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Figure 2. The spectral bands of the three sensors: UAV (16 bit), VENμS (16 bit), and ground photos (8 bit).
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We registered every image using 23 georeferencing points to a reference image by
trying to minimize noise effects such as shading and mixed pixels. The ROIs were modified
ArcMap 10.7.5 software, with an average root mean square error of 0.16 pixels. We conby us to suit the 2018 conditions (i.e., removal of 14 ROIs due to interference by another
ducted the correction of the illumination differences between the different acquisition
plant or mortality, editing 80 ROIs according to the shading conditions and the change in
dates per band using a histogram shift to a referenced clear date image, based on the mean
structure, and addition of 2 ROIs to the layer in order to preserve the number of pixels
digital number (DN) values of un-vegetated rocks surface. In order to achieve a good redrepresenting the herbaceous vegetation), resulting in 691 ROIs.
NIR ratio and following the findings of Weil et al. [27], we multiplied the camera’s NIR
We calculated six spectral vegetation indices (VIs) (Table 1(a–f)), and extracted the
band by a constant value of 1.4.
mean values of each of the VIs for every individual plant per date from within the ROI.
Regions of interest (ROI) used for the camera analysis were created by Weil et al.
In order to detect outliers, we compared the mean value (of the pixels comprising an
[27,34] and were used by us. These ROIs were drawn in an illuminated part of an individindividual plant/ROI at a specific date) to the entire time series range and defined it as an
ual plant canopy, representing how it appears at the oblique view angle of the ground
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outlier if it was a local peak while not forming part of a long trend or not being the annual
minimum or maximum value. Outlier values for a specific date which exceeded 10% of
change of that individual’s data range (57 dates) were smoothed by a moving average. The
excess green index (ExG) had low percentage of outliers and thus was chosen to represent
the plants seasonal patterns in all vegetation indices. Therefore, we removed from the
analysis individuals for which more than 40% of the dates were identified as outliers in
the ExG index or species with less than 10 individuals, resulting in 547 individual plants
(Table 2). To produce the final less noisy time series and to describe the phenology, we fitted
a locally weighted scatterplot smoothing (LOESS) function [40] with a 6 dates window,
following Weil et al. [27,34].
Table 1. Vegetation indices calculated for the ground camera (a–f), UAV and VENµS data (a–g).

(a)
(b)
(c)
(d)
(e)
(f)
(g)

Vegetation Index

Formula

References

Green excess\Excess green; ExG
Normalized Difference Vegetation Index; NDVI
Green-Red Vegetation Index; GRVI
Relative red/RCC; Red chromatic coordinate
Relative green/GCC; Green chromatic coordinate
Relative blue/BCC; Blue chromatic coordinate
Normalized Difference Vegetation Index
red-edge; NDVIre

2G − (R + B)

[41]
[3]
[42]

N IR− R
N IR+ R
G−R
G+R
R
R+ G + B
G
R+ G + B
B
R+ G + B
N IR− Red Edge
N IR+ Red Edge

[43]
[44,45]

Table 2. List of the species analyzed with the number of individuals for each species per platform.
Number of ROIs

Phenological Group

Species

Common Name

Evergreen
Evergreen
Evergreen
Evergreen
Evergreen
Evergreen
Summer deciduous
Summer deciduous
Summer semi-deciduous
Summer semi-deciduous
Winter deciduous
Winter deciduous

Pinus halepensis
Quercus calliprinos
Pistacia lentiscus
Olea europaea
Ceratonia siliqua
Cistus salviifolius/creticus
Anagyris foetida
Calicotome villosa
Rhamnus lycioides
Sarcopoterium spinosum
Pistacia palaestina
Prunus dulcis

Aleppo Pine
Palestine Oak
Mastic tree, Lentisk
Olive tree
Carob, Locust tree
Rock Rose
Mediterranean Stinkbush
Spiny Broom
Palestine Buckthorn
Prickly Burnet
Terebinth
Common Almond
Annual Herbaceous

Total

Ground Camera

UAV & VENµS

11
157
74
18
21
13
43
39
23
32
89
27
547

42
350
324
49
64
94
33
40
139
155
47
120
94
1551

2.2.2. UAV
Images from the study area were obtained using a fixed-wing UAV equipped with
a Micasense Rededge-MX camera, with 5 spectrally separated bands (B, G, R, Red-edge,
NIR) operated by Terrascan company (http://tmt.co.il (accessed on 17 May 2021)) [46].
The UAV had a monthly revisit time starting February 2018 to January 2019, resulting
in 11 dates (without October) (Figure 3). The pixel size in the different corrected surface
reflectance mosaics ranged from 5–13 cm. We upscaled (resampled) the UAV images to a
common spatial resolution of 14 cm according to the average pixel values (aggregation)
in the ENvironment for Visualizing Images software (ENVI 5.3) and calculated seven VIs
(Table 1(a–g)), also utilizing the red edge band. To examine the extent to which the spatial
resolution had an effect on phenological patterns obtained for each species, we further
resampled the time series of UAV VIs to coarser spatial resolutions of 30, 125 and 500 cm.
The resampled pixels sizes were chosen to simulate the spatial resolutions of WorldView
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3, WorldView 4 (panchromatic in 31 cm, and VIS-NIR in 1.24 m) and VENµS (nominal
resolution of 5.3 m at nadir) sensors.
The ROI segmentation method and VI (NDVI) used for the UAV data was similar to
Weil et al. [34]. Briefly, after conducting a field survey in the site of Mata for validation
and calibration to the analyzed time frame (2018), we digitized the species that were
mapped, and merged the result with the points of interest layer of Weil et al. [34]. The
transition from points of interest to polygons that represent individual plant canopy was
based on the first three components of a principal component analysis (PCA) of the UAV
NDVI time series (11 dates), containing 92.46% of the original variability. We segmented
the PCA layer using “Segment Mean Shift” in ArcMap 10.7.5 software. We removed
the shadowed part of the canopy and pixels with NDVI values of <0.5 throughout the
time series from the segmented polygons, resulting in 1551 ROIs (i.e., individual plants,
some of them with contiguous canopies) with more than 10 individuals. We extracted
the mean VI value for each individual plant per date (n = 11) and spatial resolution from
within the ROIs, and compared it to the results of the ground camera analysis in adjacent
dates (Table 3) assuming that they describe the phenological patterns more accurately.
The statistical analysis was conducted using the Statistical Package for the Social Sciences
(SPSS) software.
Table 3. UAV data acquisition dates and adjacent dates of ground photography.
Ground Photos

UAV

31 January 2018
5 March 2018
12 April 2018
2 May 2018
14 June 2018
27 June 2018
6 August 2018
24 September 2018
20 November 2018
25 December 2018
22 January 2019

1 February 2018
4 March 2018
8 April 2018
3 May 2018
13 June 2018
27 June 2018
6 August 2018
25 September 2018
22 November 2018
24 December 2018
21 January 2019

2.2.3. VENµS
We examined a small area of about 7100 ha in the S01 tile of VENµS over Israel, which
overlaps the research site, for clear sky conditions from mid-December 2017 to January
2019, in correspondence with the ground camera acquisitions. We only used cloud-free
images, thus resulting in 47 dates and used the images to calculate seven VIs (Table 1(a–g)).
We sampled the VENµS time series using the UAV’s ROIs, which focused on the confined
area of Mata, and performed a visual and quantitative comparison between the VIs patterns
derived from the three sensors. We used VENµS Level 1 product, which provides imagery
at a nominal spatial resolution of 5.3 m with top of the atmosphere (TOA) reflectance. It
should be noted that VENµS SO1 tile is acquired at non-nadir acquisition angle of 29.7◦ ,
and thus the effective ground sampling distance (i.e., the spatial resolution) would be
about 7.5 m.
2.3. Compatibility between Sensors in Seasonal Patterns of Vegetation Indices
After extracting the VIs mean values of individual plant per date from within the
ROIs, we examined compatibility between the temporal patterns of the VIs derived from
the three sensors including the UAVs resampled spatial resolutions. We used both visual
comparison and correlation coefficients to quantify the correspondence between the VIs
from the different sensors. We used the ExG index to represent the plants’ seasonal patterns
in all of the near-surface sensors comparisons, due to low percentage of outliers and strong
correlation. However, when comparing the near-surface sensors with VENµS the NDVI
index showed stronger correlations in most species and thus was used.
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2.4. The Ability of Vegetation Indices to Describe the Seasonality of Vegetation
To examine the ability of the different vegetation indices in describing the seasonal
pattern of plant’s phenology, we calculated the Pearson correlation coefficients between
the VIs from the ground camera, and the VIs from the UAV (after resampling to spatial
resolutions of 14, 30, 125 and 500 cm).
2.5. The Impacts of Herbaceous Vegetation on the Seasonal Patterns of Vegetation
In order to examine the extent to which herbaceous vegetation affects the signal
measured by the sensor, according to the different platforms photography geometries
(oblique vs. near-nadir viewing angle), we identified individual plants of four species in
the ground camera and UAV ROIs: Palestine Oak (evergreen, n = 30), Terebinth (winter
deciduous, n = 18), Mastic (evergreen, n = 25), and Carob (evergreen, n = 12) (Figure 4).
The high abundance of Palestine Oak in both platforms allowed the selection of individual
plants with different distances from the ground camera lens, in a way that aimed to
represent the site’s spatial variability. We examined the correlation between the ExG mean
Remote Sens. 2021, 13, x FOR PEER REVIEW
of 27
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Terebinth in red, Mastic in green, and Carob in blue, over true color ground photo (a) and the 14 cm true color UAV mosaic
mosaic (b), which were both acquired on 6 August 2018 at Mata. The two photos on the bottom right present an individual
(b), which were both acquired on 6 August 2018 at Mata. The two photos on the bottom right present an individual oak tree
oak tree as acquired by the ground camera (c) and the UAV (d).
as acquired by the ground camera (c) and the UAV (d).

2.7. Spatial Factors Explaining Phenological Metrics in VENμS
We used TimeSat 3.3 software to run a pixel-based analysis and compute phenological
indices to VENμS imagery, such as start of season (SOS), maximum of season (MOS), and end
of seasons (EOS). In accordance with the preferences of TimeSat (full year with peak greenness
in the middle of the year), we created a new NDVI time series that ranged between October
2018, to September 2019, which included 62 cloud-free images (Figure 5). We used the NDVI
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2.6. Detailed Vegetation Mapping
In order to examine the ability to map woody Mediterranean vegetation with sensors
with relatively coarse spatial resolution (>14 cm), we used a supervised pixel-based classification algorithm (maximum likelihood classification, MLC) for each of the four time
series of resampled UAV ExG, using ENVI software. We used the ExG index due to its
low number of outliers dates, and high classification accuracy (in most species) relative
to the other indices examined. Ten MLC iterations were held for each time series. In each
repetition, we randomly split the ROIs into sets of 80% and 20%, to be used as training
and validation samples, respectively, with representation of all species in each set. After
each MLC run, we performed a refining process to the classification output of 14 and 30 cm
resolutions which included: smoothing by removing noisy pixels (Kernel, 3 × 3 square
center pixel was replaced to its dominant category) and removal of small areas (areas with
up to 9 pixels were attributed to larger adjacent category). The process mentioned above
did not improve the classification results of the 125 and 500 cm resolutions, and thus was
not performed. We conducted the assessment of classification accuracy by scattering points
randomly in each of the 13 categories, with each category having the same number of
points, and calculating: overall agreement, species wise agreement, and overall Kappa
Index of Agreement.
2.7. Spatial Factors Explaining Phenological Metrics in VENµS

We used TimeSat 3.3 software to run a pixel-based analysis and compute phenological
indices to VENµS imagery, such as start of season (SOS), maximum of season (MOS), and
end of seasons (EOS). In accordance with the preferences of TimeSat (full year with peak
greenness in the middle of the year), we created a new NDVI time series that ranged
mote Sens. 2021, 13, x FOR PEER REVIEW
between October 2018, to September 2019, which included 62 cloud-free images (Figure 5).
We used the NDVI index (derived from VENµS) because it had better correlation with
the UAV data than the VIS indices. Due to a pause in the satellite’s scientific mission and
cloudy conditions over the research area, we produced an NDVI image for the start of the
series, as an average of two clear dates (11 September 2018 and 29 October 2018).
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were excluded from this analysis). Surface aspect is known to have a strong impact on solar
radiation, moisture and Mediterranean vegetation communities [48]. To perform statistical
tests, we transformed the aspect from a circular to a linear variable by stretching the aspect
values, such that 0◦ represented the north-facing slope and 180◦ the south-facing slope.
3. Results
3.1. Compatibility between Sensors in Seasonal Patterns of Vegetation Indices
3.1.1. Results from the Ground Camera

The temporal dynamics (based on the ground camera) of the herbaceous vegetation
exhibited a typical annual pattern, with an early green-up at mid-fall, a maximum peak at
the wet winter months followed by a fast decline from early-spring to senesce throughout
the dry summer months (Figure 6). In accordance with their categorization as evergreen
species in the scientific literature, Aleppo Pine, Carob, and Mastic tree display a moderate
seasonal pattern with a small amplitude throughout the year 2018 in most VIs. Yet, Carob,
Mastic tree, olive tree, and especially Palestine Oak show a peak at mid-late spring, at 11 of 27
Remote Sens. 2021, 13, x FOR PEER REVIEW
the time of flowering and blooming of the new leaves (except for Carob that blooms
in autumn).
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As mentioned, the ground camera data served as a reference system to which we
compared the data from the other sensors. Overall, in most species, ExG had the highes
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As mentioned, the ground camera data served as a reference system to which we
compared the data from the other sensors. Overall, in most species, ExG had the highest
correlation between the mean VI value of the ground camera (after pre-processing) and
the UAV (pixel size 14 cm) (Table 4). However, some species showed a higher correlation
between the sensors in other indices, such as Aleppo Pine (in relative blue), Olive tree (in
relative red), herbaceous vegetation (in NDVI), and Prickly Burnet (in GRVI).
Table 4. Pearson correlation coefficients of six Vegetation Indices mean values for each species per date (11 dates), between
values derived from the ground camera data (after pre-processing), and those from the UAV data (spatial resolution of
14 cm). The asterisks indicate the statistical significance as follows: * p < 0.05, ** p < 0.01, *** p < 0.001. H0 : R2 = 0.
Species

ExG

GRVI

NDVI

Relative Blue

Relative Green

Relative Red

Aleppo Pine
Terebinth
Palestine Oak
Mastic
Palestine
Buckthorn
Olive
Carob
Prickly Burnet
Annual
Herbaceous
Mediterranean
Stinkbush
Spiny Broom
Almond

0.65 *
0.95 ***
0.88 ***
0.87 ***

−0.19
0.49
−0.08
−0.13

0.31
0.47
0.83 **
0.72 **

0.70 *
0.54
0.63 *
0.40

0.51
0.58
0.16
−0.14

−0.51
0.24
0.06
0.19

0.91 ***

0.55

0.23

0.82 **

0.61 *

0.82 **

0.72 *
0.76
0.91 ***

0.31
−0.15
0.96 ***

0.27
0.47
0.86 ***

0.39
0.64 *
0.62 *

−0.13
0.33
0.80 **

0.75 **
−0.36
0.81

0.93 ***

0.95 ***

0.96 ***

0.71 *

0.88 ***

0.86 ***

0.87 ***

0.70 **

0.80 **

0.74 **

0.70 *

0.50

0.91 ***
0.92 ***

0.85 ***
0.90 ***

0.79 **
0.77 **

0.61 *
0.92 ***

0.63 *
0.91 ***

0.68 *
0.38

3.1.2. Results from the UAV Resampled Data
A visual comparison between the standardized ExG mean values of the UAV and the
ground camera data enabled examination of the similarities and differences between the
temporal patterns of the species’ VIs (Figure 7). Overall, most species presented similar
dynamics between the sources; however, unlike the ground camera results, the results
from the UAV for Aleppo Pine (evergreen) presented a pattern with steep changes over
time (Figure 7). Moreover, the UAVs’ Palestine Oak and Olive tree (evergreen), Common
Almond and Terebinth (winter deciduous), Palestine Buckthorn (partial summer deciduous)
and Spiny Broom (summer deciduous), exhibited a lag between their maximum values in
the UAV data compared to the ground camera data. The herbaceous vegetation was the
only case where the UAV values were significantly lower than those of the ground camera
(until the autumn months). Similar to the herbaceous vegetation, the summer deciduous
species (full and partial) showed an earlier increase in values at the end of summer in the
UAV data compared to the ground camera data, although this may be due to a gap in UAV
samples (UAV acquisitions) during October 2018.
As shown in Figure 8, the effect of resampling the UAV ExG time series to coarser
spatial resolutions of 30 and 125 cm was quite small and most species displayed similar
temporal patterns. However, the similarity weakened as the resampled pixel size increased
to 500 cm (representing VENµS resolution at nadir), as seen especially in the patterns of
Olive tree and Terebinth, with earlier maximum values and start of senescing in fall and
winter months, compared with the smaller spatial resolutions. For most species, stronger
correlations between the ground camera ExG values and the UAV ExG values were found
at the highest spatial resolution (Figure 9). This relationship was found in all the spectral
indices calculated (Table 1(a)–(f) and Tables S2–S7).
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As shown in Figure 8, the effect of resampling the UAV ExG time series to coarser
spatial resolutions of 30 and 125 cm was quite small and most species displayed similar
temporal patterns. However, the similarity weakened as the resampled pixel size increased to 500 cm (representing VENμS resolution at nadir), as seen especially in the patterns of Olive tree and Terebinth, with earlier maximum values and start of senescing in
fall and winter months, compared with the smaller spatial resolutions. For most species,
stronger correlations between the ground camera ExG values and the UAV ExG values
were found at the highest spatial resolution (Figure 9). This relationship was found in all
the spectral indices calculated (Table 1(a)–(f) and Tables S2–S7).
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Figure 8. Standardized mean ExG values for the 12 species based on the UAV data (11 dates) after resampling to spatial
resolutions of 14, 30, 125, and 500 cm. The y-axis represents the index mean value as a percent of the range of the possible
resolutions of 14, 30, 125, and 500 cm. The y-axis represents the index mean value as a percent of the range of the possible
values for each sensor.
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3.1.3. Results from VENµS (the Impact of Spatial Resolution on Extracting Phenological
Patterns from VENµS)
After examining the correlations between the VI time series obtained from VENµS
with the other sensors, we found that the VIs which include the NIR band (i.e., NDVI for
the camera and NDVIre for the UAV) had the strongest correlations in most species (mainly
for summer deciduous species) (Table 5 and Table S8), and thus the NDVI index was
selected for the visual comparison between sensors. A visual comparison of the temporal
pattern of standardized mean NDVI obtained from the three different sensors emphasizes
the low discrimination between species recorded by VENµS (Figure 10), and the overall
summer deciduous pattern that characterized them. Similar results were found in all the
time series of VIs from the satellite data (Figures S1–S6).

Remote Sens. 2021, 13, 1958
Remote Sens. 2021, 13, x FOR PEER REVIEW

14 of 27
14 of 27

Table 5. Pearson correlation coefficients of seven spectral indices mean value for each species per date (10 dates), between
3.1.3. Results from VENμS (the Impact of Spatial Resolution on Extracting Phenological
values derived from the UAV data and those from VENµS. The asterisks indicate the statistical significance as follows:
Patterns from VENμS)
* p < 0.05, ** p < 0.01, *** p < 0.001. H0 : R2 = 0.
Spatial
Resolution
(cm)
ExG
GRVI
NDVI
NDVIre
R Blue
R Green
R Red

Aleppo
Pine
0.02
0.67 *
0.74 *
0.90
***
−0.38
0.52
0.69 *

Terebinth

−0.75 *
−0.42
−0.32
−0.53
−0.10
−0.27
−0.50

After examining the correlations between the VI time series obtained from VENμS
with
the Mastic
other sensors,
found that the Annual
VIs whichMediterranean
include the NIR
bandCommon
(i.e., NDVI
for
Palestine
Palestine weOlive
Spiny
Prickly
Carob
Oakcamera
Tree andBuckthorn
Tree the UAV)Herbaceous
Stinkbushcorrelations
Broom
Almond
Burnet
the
NDVIre for
had the strongest
in
most species
(mainly
for
(Table
the
NDVI0.90
index
−0.21
−0.43summer
0.09 deciduous
−0.08 species)
−0.36
0.97 *** 5 and Table
0.74 * S8), and
0.66thus
*
−0.29
***
0.60
0.59
0.68 *
0.67 *
0.58
0.93 ***
0.92 ***
0.86 **
−0.08of the
0.95 ***
was
selected
for
the
visual
comparison
between
sensors.
A
visual
comparison
tem0.60
0.67 *
0.69 *
0.65 *
0.60
0.92 ***
0.85 **
0.87 **
0.19
0.90 ***
0.69 NDVI obtained from the three different sensors emporal
pattern
of standardized
mean
0.51
0.70 *
0.76 **
0.70 *
0.93 ***
0.83 **
0.88 ***
0.32
0.88 ***
*
phasizes
the
between
species
−0.27
0.27 low discrimination
0.39
0.03
−0.54
−0.65 * recorded
−0.14by VENμS
0.14 (Figure
0.6110), and
0.45the
0.63 *
0.59
0.71 *
0.68
*
0.52
0.91 ***
0.91 *** Similar
0.88results
***
0.02
0.95 ***in
overall
summer
deciduous
pattern
that characterized
them.
were
found
0.57
0.60
0.73 *
0.64 *
0.58
0.91 ***
0.94 ***
0.84 **
0.03
0.95 ***
all the time series of VIs from the satellite data (Figures S1–S6).

Figure 10. Standardized mean NDVI values of the 12 species based on the ground photos after preprocessing (57 dates),
Figure 10. Standardized mean NDVI values of the 12 species based on the ground photos after preprocessing (57 dates),
UAV data (11 dates, 14 and 500 cm), and VENμS acquisitions (47 dates, nominal resolution of 5.3 m at nadir, effective
UAV data (11 dates, 14 and 500 cm), and VENµS acquisitions (47 dates, nominal resolution of 5.3 m at nadir, effective
resolution of about 7.5 m due to the off-nadir acquisition angle of 29.7°).
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by the interaction of the plant with light), it did emphasize the change in the color of the
Terebinth leaves to red before leaf-fall in the winter months.

Figure 11. Standardized mean ExG (green), NDVI (black) and Relative Red (red) of Terebinth (n = 32), based on the ground
Figure 11. Standardized mean ExG (green), NDVI (black) and Relative Red (red) of Terebinth (n = 32), based on the ground
photos after preprocessing. The left y-axis represents the index mean value as a percent of the range of values, and the
photos after preprocessing. The left y-axis represents the index mean value as a percent of the range of values, and the daily
daily minimum air temperature
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3.4. Detailed Vegetation Mapping
As mentioned, the possibility of detailed vegetation mapping from space was examined using maximum likelihood classification on the UAV ExG time series at different
spatial resolutions. As expected, the averaged overall accuracy of 10 validation runs decreased with increasingly coarser pixel size (Table 7). At the highest spatial resolution
(14 cm) the averaged overall accuracy for all species and all runs was 72%, with a correspondence between the classification results and the field survey reference being 70% better
(Kappa = 0.7) than random results. In contrast, at the UAV’s coarsest spatial resolution
(500 cm) the classification averaged overall accuracy was only 23%, with a Kappa of 0.19.
Table 7. An overview of the classification accuracy assessment results (average producer’s accuracies) of
the ExG time series, based on the UAV images, after resampling them to 4 different spatial resolutions.
Species
Aleppo Pine
Terebinth
Palestine Oak
Mastic
Palestine Buckthorn
Olive
Carob
Rock Rose
Prickly Burnet
Annual Herbaceous
Mediterranean Stinkbush
Spiny Broom
Almond
total accuracy
Kappa

Pixel Size (cm)
14

30

125

500

80%
64%
63%
72%
48%
80%
48%
71%
92%
98%
76%
56%
87%
0.72
0.70

77%
50%
73%
72%
53%
78%
42%
73%
90%
97%
66%
47%
80%
0.69
0.67

71%
44%
61%
50%
34%
55%
36%
66%
78%
82%
58%
39%
67%
0.57
0.53

11%
12%
21%
23%
9%
27%
35%
54%
52%
49%
23%
19%
51%
0.23
0.19

Up to a resolution of 30 cm, the herbaceous vegetation, and Prickly Burnet (partial
summer deciduous) displayed an overall classification average (producer’s accuracy) of
≥90%, and Common Almond (winter deciduous), Olive tree, and Aleppo Pine (evergreen)
stood out with overall classification average of ≥77%. In most cases, the difference between
the 14 cm and the 30 cm resolutions was not great and did not exceed 5% in success change.
Moreover, several species demonstrated improvement in classification success with the
reduction in resolution, such as Palestine Oak 73% (+10%), Palestine Buckthorn 53% (+5%),
and Rock Rose (Cistus salviifolius/creticus) 73% (+2%). Coarsening to a resolution of 125 cm
weakened the success in identifying most species, especially Olive tree 55% (−23%), Mastic
tree 50% (−22%), and Palestine Buckthorn 34% (−19%). The most accurate classification
results at the 125 cm resolution were obtained for the Prickly Burnet (78%), Common
Almond (67%) Rock Rose (66%), and Aleppo Pine (71%).
3.5. Spatial Factors Explaining Phenological Metrics in VENµS
Dense woody vegetation located on the north-facing slope presented later dates in all
of the phenological indices computed (SOS, MOS and EOS) from VENµS NDVI 2018–2019
time series, mostly on the more mountainous eastern area, where the Mata field site was
located, visualized here as blue pixels (Figure 13c–e). In the majority of pixels, the season
started (SOS) between 30 September and 31 October (greenish hue). Areas with a larger
percent of herbaceous vegetation reached a maximum (MOS) between 25 January and
2 February (reddish pixels) and areas with more rocky terrain had their maximum between
24 February and 18 March (yellow-orange). The end of the season (EOS) occurred earlier
(at the end of May) where the herbaceous component was more dominant (orange pixels),
while in areas where the woody component was more dominant the season ended between
14 July and 11 August (cyan).
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Figure 13. VENμS processed study area; (a) the location of Mata over the elevation base map. (b)
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The percent cover of herbaceous vegetation was negatively correlated with both MOS
and EOS (with correlation coefficients of about −0.5; Table 8). Slope and aspect were
more correlated with the MOS with correlation coefficients of 0.36 and −0.36, respectively
(Table 8). SOS had a weak relationship with all the variables which we examined.
Table 8. Matrix of Spearman’s rank correlation coefficients of the phenological indices (SOS, MOS,
EOS) and the environmental factors after normalization. n = 1,716,915 pixels per variable, including
only areas of Mediterranean vegetation, as shown in Figure 13. The phenological indices were
calculated for the time period between October 2018 and September 2019, using 62 cloud-free
VENµS images.

MOS
EOS
Elevation
Aspect
Slope
% woody
% herbaceous

SOS

MOS

EOS

Elevation

Aspect

Slope

% Woody

−0.140
−0.175
−0.290
−0.054
−0.058
−0.248
0.331

0.863
0.272
−0.363
0.362
0.322
−0.500

0.326
−0.282
0.349
0.318
−0.515

0.133
0.332
−0.093
−0.207

−0.073
−0.223
0.032

0.019
−0.222

−0.644

4. Discussion
4.1. Overall Findings
Although identifying woody vegetation in a natural, heterogeneous and sparse woodlands at the species level using satellites is a challenging task, our results suggest that in
some cases it may be possible. The VIs varied in their ability to describe plant species
phenology, when most often a particular index that had a strong correlation between the
sensors for a given species (species-VI combinations), did so in all four spatial resolutions.
In most species, the seasonal patterns of ExG maintained high similarity (descriptively) and
correlation with the ground camera data (quantitatively) after resampling to coarser resolutions of 30 and 125 cm. Moreover, ExG had high classification accuracies (pixel size ≤30 cm;
8 species with >70%), demonstrating the possibility for detailed mapping from space using
pan-sharpened images from sensors with very high spatial resolution with panchromatic
band of 31 cm (such as Worldview 3 and 4; [49] or such as Geoeye 1 (with a panchromatic
band of 41 cm; [50]. However, space-borne images often have lower spatial resolution
than provided at nadir, given that many images are acquired off-nadir. In addition, high
quality atmospheric corrections are needed to improve the radiometric quality of space
borne sensors, to better match imagery acquired by UAVs. Examining the classification
accuracies of the condition of macadamia trees, Johansen et al. [51] have shown that for
some metrics, the results from both pan-sharpened and multispectral images acquired by
Worldview 3 were on par with or performed better than the results from UAV images.
Examining the seasonal patterns of VIs derived from VENµS showed a low discrimination between all species and an overall seasonal pattern of summer deciduous
vegetation. The red-edge of VENµS did not improve the classification results. Consequently, it seems that in this spatially heterogeneous and sparse Mediterranean vegetation,
the combination of the off-nadir acquisition angle and spatial resolution of the VENµS
satellite (effectively being 7.5 m) inhibited the discrimination between plant species, and
mostly reflected the seasonal pattern of the herbaceous vegetation (due to spectral mixture
of signals). However, considering the challenging characteristics of the research site, it may
be that using a VENµS type sensor (with a higher spatial resolution) from a nadir point
of view and in more homogeneous and dense areas would allow for detailed mapping of
Mediterranean species.
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4.2. Compatibility between Sensors in Seasonal Patterns of Vegetation Indices
The seasonal patterns of vegetation indices of Mediterranean species were derived
from three sensors and examined for their consistency across different spatial resolutions.
Although monitoring the same area, the metrics derived from the sensors varied, among
other factors, based on the viewing geometry (horizontal vs. vertical), the level of data
used (VENµS with TOA reflection, UAV with corrected surface reflectance, and camera
with data pre-processing methods), the radiometric resolution (higher sensitivity in the
UAV and VENµS-16 bit), and the different bandwidths (spectral overlap in the camera, and
different number and bandwidth between platforms).
Unique phenological dynamics of a specific species will increase the likelihood of
identifying and separating this species from the environment and will probably lead
to a greater agreement between the results of the different sensors. Therefore, it was
not surprising that the herbaceous vegetation, which in this work were regarded as one
“species”, showed high similarity and maintained a strong correlation across the different
sensors [11,14], in most of the vegetation indices and the spatial resolutions examined for
VENµS (Table 5 and Table S8) and UAV (Table 6 NDVI; Figure 9 ExG) data, and had a high
classification success (UAV, pixel size ≤125 cm; >82%) (Table 7).
In contrast, due to their more developed root systems woody species are not directly
affected by the rainy season as herbaceous vegetation, and their seasonal dynamics are
also influenced by other factors such as temperature [18,52,53], nutrient availability [5],
water retention (moisture) in deeper layers of soil [54], and the evolutionary history of the
species [55]. Thus, the seasonal change in resource availability such as temperature increase
in the spring months [5], when access to water in the soil is still high was expressed with
the increase of greenness of all the woody species (including the evergreen) as derived
from the camera (Figure 6) and the UAV (Figure 7), with most of the species presenting a
later season maximum (of about two months) than the herbaceous [54].
Apart from the evolutionary history of each species and its interaction with environmental conditions, the measured time series of VIs were influenced, inter alia, from a
combination of factors such as the sensor resolutions (spatial, temporal, and spectral) [24],
vegetation composition [11,12], the viewing angle of the platform [14,21], the VI in use [17]
and the accuracy of the ROIs used for sampling.
At 14 cm resolution the UAV ExG time series allowed for the discrimination between
woody species (as in [17]), and in most species resulted with high classification accuracies
(>70%) (Table 7). To a large extent, the VI patterns maintained high similarity (descriptively)
through the transition to medium resolutions of 30 and 125 cm (Figure 8), including a
high correlation with the ground camera data (pixel size ≤125 cm; 9 of 12 species with
R ≥ 0.85; p < 0.001; Figure 9), and a little change (especially in 30 cm) in the classification
accuracy results (Table 7). Woody species such as the Prickly Burnet, Common Almond, and
Aleppo Pine demonstrated high classification rate of about 70% in the 125 cm resolution.
However, it should be noted that values derived at a fine resolution will not necessarily
correspond with the values obtained (for that same area) after resampling to a coarser
resolution [56]. This discrepancy between remote sensing products at different spatial
resolutions is related to phenological heterogeneity and variation in vegetation growth
speed among fine pixels within a coarse pixel [24]. Thus, a measurement interpreted as
a phenological change of a particular species, at a given resolution, may in fact reflect a
difference in plant composition [12], and a particularly coarse resolution (relative to the
endmember) will not reflect the seasonal pattern of the endmember.
Accordingly, the results of the resampled UAV VI time series, aggregated to coarser
spatial resolutions, may not be consistent with the values measured by satellites. Although
we used the same index (NDVI) and ROIs for both the UAV and VENµS, VENµS acquires
the images over this scene at an incidence angle of 29.7◦ (i.e., not at nadir) and at a
coarser spatial resolution (approximately 7.5 m), resulting with an overall uniform and
noisier seasonal pattern for all species with slight differences in species on a given date
(Figure 10). VENµS’s VIs were highly correlated with the UAV data mostly for summer
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woody deciduous species (especially with the herbaceous vegetation; Table 5, R > 0.910,
p < 0.001 not including R Blue), reflecting the dominance of the herbaceous vegetation on
the signal measured by VENµS [14], which covers a significant percentage of the study area.
Therefore, it appears that when monitoring a natural and heterogeneous Mediterranean woodland on the rich and patchy south-facing slope with VENµS’s spatial resolution, the seasonal patterns measured by the UAV at the species level are averaged with the
environment signal contribution (mixed pixel), reflecting landscape-scale results [11,17]
that is too coarse to discriminate between plant species. In other words, due to the decrease of spatial variation in phenology with increasing pixel size [11], both the off-nadir
acquisition angle, and the relatively coarse pixel size of VENµS, did not allow for detailed
mapping of woody species in the research site. However, it is likely that in more homogeneous and dense areas (like the north-facing slope) VENµS will allow for more accurate
detection of Mediterranean species.
4.3. The Ability of Vegetation Indices to Describe the Seasonality of Vegetation
The comparison between the ability of different spectral vegetation indices to describe the phenology of woody Mediterranean species, at different spatial resolutions, was
conducted by examining the similarity between the seasonal patterns obtained from the
ground camera, and the UAV data after resampling. The limitations of using spectral values
measured by sensors as a representation of the species phenology (in contrast to physical
field measurements) should be noted. Although the quantification of seasonal information is more objective and convenient for comparison [17], the nature of the relationship
between this spectral information and physiology-based phenology at the individual plant
level is complex and unclear [8]. Moreover, the phenological variance (within species and
between seasons) of Mediterranean species [27] and their interactions with local environmental factors with high spatial variability such as micro-climate and grazing [5], mean
that the use of an average value per species (sensitive to extreme values), combined with a
small number of individual plants in some species (Table 2), will not necessarily accurately
characterize the seasonal dynamics.
Similar to Weil et al. [27], the use of visible-light-based indices, derived from near-surface
platforms, allowed for a reliable description of the phenology at a detailed level [18,19], more
often than NDVI that contains the NIR range [17] (Table 6). The ExG index (VIS) had
a low number of outlier dates and maintained a species-specific pattern (descriptively)
at different spatial resolutions (Figure 8). Comparing the ground camera and UAV data
showed a high correlation between most species (Table 4, 9 of 12 species with R ≥ 0.87;
p < 0.01), and in all resolutions tested except at 5 m (Figure 9, at 5 m only 5 species had
R > 0.7). Nevertheless, ExG was not necessarily the best index to describe the seasonality
of a given species, and better species-VI combinations were found (Table 6).
A given VI expresses a certain spectral reflectance ratio between two (or more) wavelengths, from which it was computed. Therefore, while many VIs are highly correlated, the
use of multiple VIs allowed for more comprehensive monitoring of a species’ phenological
properties [12,57,58]; that is, even by using indices with similar wavelengths (bands), the
same ROIs and the same sensor, each index provided a slightly different result that emphasized certain features of the seasonal pattern. For example, the Mediterranean Stinkbush
in the ground camera (Figure 6) showed particularly high NDVI and GRVI values in the
spring, compared to lower values and a more moderate pattern in ExG and Relative Green.
This may be due to the influence of the red band, which is useful for detecting seasonal
patterns of leaf pigments [58].
In addition, familiarity with a species appearance (such as a unique leaf color) relative
to its environment, throughout the year can justify using a combination of several indices
for the same species, or matching a particular index to a specific period (phase). As
presented with Terebinth (Figure 11), in contrast to the ExG and NDVI indices, relative
red failed to produce a clear seasonal pattern. However, using relative red at a time
when the color of the leaves has changed to red, emphasized the unique appearance of
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Terebinth trees in relation to the environment [16,19] better than the other indices, as seen
in November-December (Figure 11).
In contrast to the high correlation obtained between the ground camera and UAV in
visible light indices (Table 6), comparing these sensors to VENµS yielded better results
for indices containing infrared bands (NDVI, NDVIre) (Table 5). However, as stated,
descriptively the general VI patterns derived from VENµS showed low variance between
species, and the improvement in correlation (i.e., R > 0.7) was obtained mainly for summer
deciduous species (but also for Aleppo Pine, R = 0.9, p < 0.001) (Table 5). Therefore, it
seems that the red edge range in VENµS (5 m) did not make a significant contribution
to the description of the phenology of woody Mediterranean species, and therefore for
detailed mapping.
4.4. The Impacts of Herbaceous Vegetation on the Seasonal Patterns
Ephemeral herbaceous vegetation may have a dominant impact on the measured
spectral signal from a pixel [12]. In addition, the viewing geometry and its interaction with
characteristics such as the slope of the ground in a particular area of the site, may also affect
the signal measured by the sensor and emphasize different characteristics of vegetation
composition of that specific area. On the one hand, a tall individual plant (or herbaceous
vegetation) compared to its surrounding (and the spatial resolution of the sensor), will
register in a larger number of pixels in horizontal than in vertical angle (which mainly
represents its canopy). On the other hand, depending on the site’s characteristics, an object
vertically recorded as having extensive ground coverage may have significantly limited
representation in the horizontal angle (for example, a fixed vegetation height on a plain).
It seems that in some cases, the signal received at a horizontal angle may be more
exposed to the contribution from the understory vegetation [8], which in our case mostly is
the herbaceous component, than from an overhead image with a similar spatial resolution.
This characteristic may explain the high resemblance between species of the UAV patterns
under 5 m, with no significant additional influence of the area surrounding the canopy
(Figure 8). In addition, the herbaceous vegetation showed the largest difference between
patterns derived from the UAV and the ground camera (Figure 7), with low values in
the UAV (14 cm). Also, some of the woody species (Palestine Oak, Terebinth, Common
Almond) presented an earlier season maximum in the camera than in the UAV data,
perhaps as an expression of the combination of the viewing angle and the herbaceous
effect [30], whose activity predates that of Mediterranean woody species [54]. Quantitative
comparison of the agreement between the values of all species from the different sensors
showed a decrease in correlation with the increase in pixel size, except in the case of the
herbaceous component, which showed a certain increase in correlation with the decrease
in resolution (ExG, 500 cm, R = 0.94, p < 0.001) (Figure 9) [14].
Due to the significant impact of the herbaceous vegetation on the signal acquired
by the off-nadir images of VENµS (Figure 10, Table 8), when tasking the acquisition of
space-borne images for monitoring vegetation, images close to nadir should be preferred.
Using a vertical viewing angle, may enable the mapping of woody Mediterranean species
by satellites with extremely high spatial resolution, such as World View 3, World View 4,
and SkySat. The possibility for detailed mapping by the mentioned satellites arose from
the classification results of the resampled UAV data.
4.5. Detailed Vegetation Mapping
In contrast to other studies that have presented detailed mapping of woody Mediterranean species using hyperspectral sensors [31–33,59], this work emphasizes the importance of the spatial resolution of sensors and the use of their seasonality patterns for
identifying species.
The supervised classification results in the 30 cm resolution presented the possibility
for mapping woody species with a distinct seasonal pattern such as Prickly Burnet, Common Almond, and Rock Rose, but also evergreen species with more moderate phenology,
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such as Olive tree, Aleppo Pine, Palestine Oak, and Mastic tree (Table 7). It should be
noted that despite the proximity and sometimes the combined growth of Palestine Oak
and Mastic tree at our research site, the percentage of classification success (>72%) and the
separation between the species in the 30 cm resolution were high (Table S9) probably due
to a large number of trees (>200) sampled for both species.
As expected, the classification success decreased with the increase in pixel size, and at a
pixel size of 125 cm or more, the percentages of success were low for most species. Despite
the high classification success at 30 cm, the UAV resampled data produced relatively
consistent results (without significant change in pattern, except for the Teberinth winter
deciduous species), as shown in the same index (ExG) at different pixel sizes in Figure 8.
By comparing the VENµS patterns to those of the resampled UAV at 5 m (ExG, Figure S6)
it is evident how the values measured by satellites may produce less successful mapping
results. The poorer outcomes with VENµS may result from is greater tilt angle over this
scene, in comparison with the UAV. However, the developments in the satellite field and
the increasing accessibility of products at very high resolutions (such as Planet’s SkySat at
50 cm), raise the possibility of species-specific mapping based on phenological changes on
a global scale [60].
4.6. Spatial Factors Explaining Phenological Metrics in VENµS
We found that phenological metrics calculated from the VENµS satellite mostly reflected the seasonal pattern of the herbaceous vegetation, as demonstrated by its −0.5
correlation with MOS and EOS (Table 8). The dominant contribution of herbaceous vegetation to phenological patterns as observed from VENµS are due to its coarse spatial
resolution, off-nadir viewing angle, and the natural heterogeneity of Mediterranean maquis
in the study region (as also reported by [28]). Given the differences between northern
and southern aspect in terms of vegetation composition (i.e., dominance of herbaceous
vegetation and small shrubs on southern facing slopes, contrasted with denser maquis on
northern facing slopes; [48,61]), the impact of slope and aspect on the phenological metrics
(Table 8), is attributed to the gradient of herbaceous vegetation as a function of slope and
aspect [62].
5. Conclusions
Although identifying woody vegetation in natural, heterogeneous, and sparse woodlands at the species level using satellites is a challenging task, our results suggest that in
some cases it is possible. The results of the study presented a difference in the success of the
various spectral vegetation indices in describing the phenology of woody Mediterranean
plant species. Most often a particular index that had a strong correlation between the
sensors for a given species, did so in all spatial resolutions. For most species, ExG was
found as the index that represented the phenology in the most reliable way up to a pixel
size of 125 cm, and maintained a high correlation among the sensors. For most species, the
resampled UAV ExG 30 cm time series presented a classification success of more than 70%,
demonstrating the possibility for detailed mapping from space. However, we can assume
that due to scaling effects the measurements of satellites at a similar pixel size will impair
the mapping results.
Examining the seasonal dynamics of the woody species obtained from VENµS demonstrated the crucial role of ephemeral herbaceous vegetation on the signal recorded by
the sensor at an effective spatial resolution of 7.5 m. All spectral indices derived from
VENµS showed a low variance between the species and an overall summer deciduous
seasonal pattern that did not allow for detailed mapping at the species level. In addition, no
significant contribution was found using the red-edge range to improve results. However,
considering the challenging characteristics of the research site as a highly heterogeneous
woodland, it may be that using a VENµS type sensor with a higher spatial resolution from
a nadir point of view and in more homogeneous and dense areas would allow for detailed
mapping of Mediterranean species even from spaceborne platforms.
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In conclusion, since plant phenology is highly influenced by the climate system
and local environmental factors, the ability to monitor various woody Mediterranean
plant species according to their phenological-spectral characteristics will help identify
processes and trends in the function of ecosystems, efficiently and cost-effectively. Given
the preservation of the seasonal pattern (at least up to a resolution of 30 cm), and the
classification results, it may be possible to use visible light indices and especially ExG, for
a successful detailed mapping of some of the woody Mediterranean species, by sensors
with extremely high spatial resolution such as World View 3, World View 4 (both offering
pan-sharpened images of 31 cm at nadir), and GeoEye 1 (offering pan-sharpened images of
41 cm at nadir), to name a few satellites.
Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/rs13101958/s1, Table S1: Range of values per index measured by the ground camera (after
preprocessing) for all 12 species during 57 dates (mean index value per date), Table S2: Pearson
correlation coefficients of the ExG index mean values for each species per date (11 dates), between
values derived from the ground camera data (after pre-processing), and those from the UAV data
after resampling to different pixel sizes of 14, 30, 125, and 500 cm, Table S3: Pearson correlation
coefficients of the GRVI index mean values for each species per date (11 dates), between values
derived from the ground camera data (after pre-processing), and those from the UAV data after
resampling to different pixel sizes of 14, 30, 125, and 500 cm, Table S4: Pearson correlation coefficients
of the NDVI index mean values for each species per date (11 dates), between values derived from the
ground camera data (after pre-processing), and those from the UAV data after resampling to different
pixel sizes of 14, 30, 125, and 500 cm, Table S5: Pearson correlation coefficients of the relative blue
index mean values for each species per date (11 dates), between values derived from the ground
camera data (after pre-processing), and those from the UAV data after resampling to different pixel
sizes of 14, 30, 125, and 500 cm, Table S6: Pearson correlation coefficients of the relative green index
mean values for each species per date (11 dates), between values derived from the ground camera
data (after pre-processing), and those from the UAV data after resampling to different pixel sizes
of 14, 30, 125, and 500 cm, Table S7: Pearson correlation coefficients of the relative red index mean
values for each species per date (11 dates), between values derived from the ground camera data
(after pre-processing), and those from the UAV data after resampling to different pixel sizes of 14,
30, 125, and 500 cm, Table S8: Pearson correlation coefficients of six spectral indices mean value
for each species per date (35 dates), between values derived from the ground camera data (after
pre-processing), and those from VENµS, Table S9: Confusion matrix of the average results of ten
MLC iterations, of the UAV ExG time series (11 dates) after resampling to 30 cm pixel size. After the
classification smoothing and removal of small areas was conducted, Figure S1: Standardize mean
NDVIre values of the 12 species based on the ground photos after preprocessing (57 dates), UAV
data (11 dates, 14 and 500 cm), and VENµS acquisitions (47 dates, nominal resolution of 5.3 m at
nadir, effective resolution of about 7.5 m due to the off-nadir acquisition angle of 29.7◦ ), Figure S2:
Standardize mean GRVI values of the 12 species based on the ground photos after preprocessing
(57 dates), UAV data (11 dates, 14 and 500 cm), and VENµS acquisitions (47 dates, nominal resolution
of 5.3 m at nadir, effective resolution of about 7.5 m due to the off-nadir acquisition angle of 29.7◦ ),
Figure S3: Standardize mean Relative Red values of the 12 species based on the ground photos after
preprocessing (57 dates), UAV data (11 dates, 14 and 500 cm), and VENµS acquisitions (47 dates,
nominal resolution of 5.3 m at nadir, effective resolution of about 7.5 m due to the off-nadir acquisition
angle of 29.7◦ ), Figure S4: Standardize mean Relative Green values for the 12 species based on the
ground photos after preprocessing (57 dates), UAV data (11 dates, 14 and 500 cm), and VENµS
acquisitions (47 dates, nominal resolution of 5.3 m at nadir, effective resolution of about 7.5 m due to
the off-nadir acquisition angle of 29.7◦ ), Figure S5: Standardize mean Relative Blue for the 12 species
based on the ground photos after preprocessing (57 dates), UAV data (11 dates, 14 and 500 cm), and
VENµS acquisitions (47 dates, nominal resolution of 5.3 m at nadir, effective resolution of about 7.5 m
due to the off-nadir acquisition angle of 29.7◦ ), Figure S6: Standardize mean ExG of 12 species based
on the ground photos after preprocessing (57 dates), UAV data (11 dates, 14 and 500 cm), and VENµS
acquisitions (47 dates, nominal resolution of 5.3 m at nadir, effective resolution of about 7.5 m due to
the off-nadir acquisition angle of 29.7◦ ). The y-axis represents the index mean value as a percent of
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the possible range of values. The left y-axis displays the camera (ground photos) and UAV values;
the right y-axis displays the VENµS values.
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