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Abstract: Monitoring vegetation cover is an essential parameter for assessing various natural and
anthropogenic hazards that occur at the vicinity of archaeological sites and landscapes. In this study,
we used free and open access to Copernicus Earth Observation datasets. In particular, the proportion
of vegetation cover is estimated from the analysis of Sentinel-1 radar and Sentinel-2 optical images,
upon their radiometric and geometric corrections. Here, the proportion of vegetation based on the
Radar Vegetation Index and the Normalized Difference Vegetation Index is estimated. Due to the
medium resolution of these datasets (10 m resolution), the crowdsourced OpenStreetMap service
was used to identify fully and non-vegetated pixels. The case study is focused on the western part
of Cyprus, whereas various open-air archaeological sites exist, such as the archaeological site of
“Nea Paphos” and the “Tombs of the Kings”. A cross-comparison of the results between the optical
and the radar images is presented, as well as a comparison with ready products derived from the
Sentinel Hub service such as the Sentinel-1 Synthetic Aperture Radar Urban and Sentinel-2 Scene
classification data. Moreover, the proportion of vegetation cover was evaluated with Google Earth
red-green-blue free high-resolution optical images, indicating that a good correlation between the RVI
and NDVI can be generated only over vegetated areas. The overall findings indicate that Sentinel-1
and -2 indices can provide a similar pattern only over vegetated areas, which can be further elaborated
to estimate temporal changes using integrated optical and radar Sentinel data. This study can support
future investigations related to hazard analysis based on the combined use of optical and radar
sensors, especially in areas with high cloud-coverage.

Keywords: vegetation proportion cover; vegetation indices; Sentinel-1; Sentinel-2; OpenStreetMap;
Cyprus; archaeological sites; radar vegetation index; normalized difference vegetation index;
crowdsourced data

1. Introduction

Various hazards, both anthropogenic and natural, can affect cultural heritage landscapes, sites,
and monuments. These hazards include fires, landslides, soil erosion, agricultural pressure, and urban
expansion [1–5]. In the recent past, several publications have demonstrated the benefits of Earth
Observation sensors, providing wide and systematic coverage over archaeological sites providing
systematic observations at medium and high-resolution images [6–10]. In addition, access to archival
imageries is a unique advantage of Earth Observation repositories, allowing for the analysis of the
temporal evolution of a hazard [11–13].
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Nowadays, open and freely distributed satellite images, both radar and optical, have become
available due to the European Copernicus Programme [14]. The Sentinel sensors, with increased revisit
time and medium-resolution satellite images, can be downloaded through specialized big data cloud
platforms such as the Sentinel Hub [15]. These kinds of services provide radiometric and geometric
corrected Bottom of Atmosphere (BOA) reflectance bands of the Sentinel-2A,B sensors, as well as
orthorectified gamma 0 VV and VH radar images of the Sentinel-1 Synthetic Aperture Radar (SAR)
sensor (ascending and descending). Beyond these calibrated images, other ready products are available
for further re-use, like optical and radar vegetation indices (e.g., the Normalized Difference Vegetation
Index—NDVI and the Radar Vegetation Index—RVI). Pseudo-colour composites can be readily
displayed in the Sentinel Hub service, thus enhancing urban and agricultural areas, while classification
products are also provided.

Monitoring vegetation dynamics and long-term temporal changes of vegetation cover is of great
importance for assessing the risk level of a hazard [16,17]. For instance, the decrease of vegetation
cover, as a change to either the NDVI or RVI, can be a signal for land-use change and a result of the
urbanization sprawl phenomenon [18–21]. In contrast, an increase in the vegetation cover, beyond the
phenological cycle of the crops, can be a warning of agricultural pressure [22–24]. Similarly, vegetation
indices are input parameters for studying other hazards such as soil erosion and fires [25,26]. For soil
erosion, vegetation cover is linked with the land cover factor, which indicates the proportion of water
that runs on the ground surface. A decrease of vegetation in a concise period can be an indicator of a fire
event. For instance, Howland et al. [27] used the NDVI to estimate the soil erosion by water, based on
the Revised Universal Soil Loss Equation. In Burry et al.’s study [28], multi-temporal vegetation
indices analysis was used to map fire events and help to understand and interpret archaeological
problems related to past settlement patterns or environmental scenarios. However, in many cases,
optical and radar vegetation indices are applied separately with no synergistic use, thus minimizing
the full potentials of existing Earth Observation systems.

In this study, we aim to investigate the use of optical and radar images, from freely available
and open-access datasets, like the Sentinel-1 and Sentinel-2 sensors for estimating the proportion
of vegetation cover. The investigation was supported by other open access services, namely the
crowdsourced OpenStreetMap initiative. OpenStreetMap is an editable geo-service with more
than 6 million users all around the world. These ground-truthed datasets can be used to train the
medium-resolution Sentinel images, for detecting fully vegetated and non-vegetated areas. Additionally,
Google Earth, a free platform that provides systematic snapshots of high-resolution optical satellite
data, can be used as an evaluation of the OpenStreetMap datasets. In short, the current study aims
to investigate cross-cutting applications among the Copernicus Sentinel-1 and Sentinel-2 sensors,
core services, and other third-party data for the estimation of the proportion of vegetation cover in the
vicinity of archaeological sites.

2. Case Study Area

The case study area is located on the western part of Cyprus, at the Paphos district (Lat: 34.76◦,
Long: 32.41◦, WGS 84 projection). This area holds important open-air archaeological sites and
monuments like the UNESCO enlisted archaeological sites of “Nea Paphos” and “Tombs of the Kings”
while several historical buildings are found at the Centre of Paphos town. More information regarding
the archaeological context of the area can be found in [29]. Figure 1 indicates the area of interest (zones
a and b), while a land-use/land-cover map from the CORINE 2018 program [30] is displayed in the
background. The CORINE Land Cover inventory was initiated in 1985 and regular updates have been
produced in 2000, 2006, 2012, and 2018. It consists of an inventory of land cover with 44 classes [30].

The landscape of Paphos is threatened by various natural and anthropogenic hazards such as
soil erosion [31], urban expansion [32] and fires [33]. Several studies have been performed in the past
on these hazards. For instance, in [32], Agapiou et al. reported an increase of more than 300% in the
urban areas in a period of 30 years, indicating the dramatic and sudden landscape changes in the
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surroundings of these important archaeological sites. Moreover, Panagos et al. [34] reported this area
to have high erodibility due to water.
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Figure 1. The selected case study area located in the western part of Cyprus. The various thematic
classes from the Corine Land Use Land Cover 2018 dataset [13] over the area of interest are shown in
(a), while some high-resolution aerial orthophotos provided by the Department of Land and Surveyors
(scale 1:5000) are shown in (b) (archaeological site of Nea Paphos) and (c) (historical Centre of Paphos
town). (d) shows the elevation of the area.

3. Materials and Methods

In this section, the overall methodology, as well as the datasets used for the needs of the current
study, are presented. The various equations for estimating the proportion of vegetation and the layers
of information are also presented.

3.1. Methodology

For the needs of the study, various sources were used (Figure 2). The first source of information
regards the optical and radar Sentinel datasets, acquired over the area of interest. The second source of
information considers the Sentinel ready products from the Sentinel Hub service. The third component
refers to the crowdsourced vector geodata manually digitized by several users of the area of interest,
available at the OpenStreetMap service [35]. The accuracy assessment of the OpenStreetMap service is
still debated by researchers while several examples of this service blended with remote sensing can be
found in the literature [36–38]. Finally, the compressed red-green-blue (RGB) high-resolution optical
data from the Google Earth platform are used for validation purposes.
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Figure 2. A schematic representation of the four “layers” of information used in this study: the Earth
Observation Sentinel-1 and Sentinel-2 images (a), the Sentinel Hub, an Earth Observation big data
cloud platform (b), crowdsourced geodata from OpenStreetMap (c) and the Google Earth platform (d).

Through the Sentinel Hub service, radar and optical Sentinel images were retrieved (see more
details below). Beyond the calibrated bands from both sensors, additional products were generated.
The NDVI and the RVI were processed using Equations (1) and (2):

NDVI = (ρNIR - ρRED)/(ρNIR + ρRED), (1)

RVI = (VV/(VV + VH))0.5 (4 VH)/(VV + VH), (2)

where the ρNIR and ρRED refer to the reflectance value (%) of the near-infrared and red bands of the
Sentinel-2 sensor (namely using the band 8 and band 4), while the VV and VH refer to the polarization
bands of the Sentinel-1 sensor, it should be mentioned that the estimation of the RVI was based upon a
custom script available with the Sentinel-Hub services at [39]. As mentioned in [39], an equivalent to
the degree of polarization (DOP) is calculated as VV/(total power), where the latter is estimated as
the sum of the VV and the VH polarization of the Sentinel sensor. The DOP is utilized to obtain the
depolarized fraction as m = 1 – DOP and it can range between 0 and 1. For pure or elementary targets
this value is close to zero, whereas for fully random canopy (at high vegetative growth), it reaches
close to 1. This m factor is multiplied with the vegetation depolarization power fraction (4 × VH)/(VV
+ VH). The m factor is modulated with a square root scaling for a better dynamic range of the RVI.

From optical and radar vegetation indices, the proportion of vegetation can be retrieved. In our
study, two different models were applied for both optical and radar datasets:

Pv1-radar = (RVI - RVI non-veg.)/(RVI veg - RVI non-veg.), (3)

Pv1-optical = (NDVI - NDVI non-veg.)/(NDVI veg - NDVI non-veg.), (4)

Pv2-radar = [(RVI - RVI min)/(RVI max - RVI min)]0.5 (5)

Pv2-optical = [(NDVI - NDVI min)/(NDVI max - NDVI min)]0.5 (6)

where vegetation index veg (NDVI veg and RVI veg) and non-vegetation index (NDVI non-veg. and
RVI non-veg.) represent the vegetated and non-vegetated pixels of the considered index, respectively,
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vegetation index max (NDVI max and RVI max) and vegetation index min (NDVI min and RVI min)
represent the maximum and minimum histogram value of the vegetation image.

It is evident, therefore, that the selection of vegetated and non-vegetated regions is of great
importance for the correct estimation of the proportion of vegetation cover. For this reason,
the crowdsourced OpenStreetMap was used as a training area for the equations mentioned above,
once these vector polygons have been confirmed from the Google Earth high-resolution products.
Once these sites have been selected, the results from the optical and radar sensors using Equations
(3)–(6) were retrieved. A comparison between the optical and the radar sensors separately (namely the
results from Equation (3) against the results from Equation (4), and the results from Equation (5) with
the results from Equation (6)) was performed.

3.2. Datasets

For the aims of the current study, radar Sentinel-1 and optical Sentinel-2 images were downloaded
through the EO Browser of the Sentinel Hub service [15]. The characteristics of these images are shown
in Tables 1 and 2.

Table 1. Characteristics of the Sentinel-1 (Interferometric Wide Swath (IW)), sensor.

Sentinel-1

Parameter Value

Minimum Ground Swath Width 250 km
Incidence Angle Range 29.1◦–46.0◦

Number of Sub-swath 3
Azimuth Steering Angle ±0.6◦

Azimuth Resolution 20 m
Ground Range Resolution 5 m

Polarisation Options Single (HH or VV) or
Dual (HH + HV or VV + VH)

Table 2. Characteristics of the Sentinel-2 sensor.

Sentinel-2

Parameter Value

Instrument principle Pushbroom
Repeat cycle (days) 5 (at the Equator)
Swath width (km) 290
Spectral bands 13
Spatial resolution (metres) 10, 20, 60

In particular, a radar Sentinel-1 image in Interferometric Wide Swath (IW), acquired on 12 May
2020 was processed. In addition, a Sentinel-2 image with processing level L2A (orthorectified BOA) and
limited cloud-coverage acquired on 13 May 2020 was used. Figure 3 visualizes the Sentinel-1 and -2
images as well as other ready products available from the Sentinel Hub service. It should be mentioned
that all these images were downloaded in high-resolution format (which corresponds to 10-m spatial
resolution per pixel) and in a 32-bit tiff image format. Figure 3a,b display the orthorectified Sentinel-1
VH and VV gamma 0 respectively, while Figure 3c shows the Sentinel-1 SAR urban visualization
product. The SAR urban product is an RGB pseudo-composite, whereas the combination VV-VH-VV is
used for the RGB composite. The Radar Vegetation Index (RVI) is displayed in Figure 3d. Figure 3e–i
refer to products and bands of the optical Sentinel sensor as follow: Figure 3e,f show the Sentinel-2,
BOA Band 5 (red-edge) and band 8 (near-infrared) respectively. The Normalized Difference Vegetation
Index (NDVI) can be observed in Figure 3g. Figure 3h shows the Sentinel-2 Scene Classification
product, which is developed under the Sen2Cor project to support an atmospheric correction module.
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In addition, monthly Sentinel-1 and Sentinel-2 ready products (RVI and NDVI) were used for over a year
(May 2019–May 2020) so as to investigate temporal changes of vegetation growth with these indices.
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Figure 3. Sentinel-1 and Sentinel-2 datasets and ready products downloaded from the EO Browser
of the Sentinel Hub Service used in this study. (a) orthorectified Sentinel-1, VH polarization,
gamma 0, (b) orthorectified Sentinel-1, VV polarisation, gamma 0, (c) Sentinel-1 Synthetic Aperture
Radar (SAR) urban visualization product, (d) Sentinel-1 Radar Vegetation Index, (e) Sentinel-2,
Bottom-of-Atmosphere (BOA) Band 5, (f) Sentinel-2, Bottom-of-Atmosphere (BOA) Band 8,
(g) Sentinel-2, Normalized Difference Vegetation Index (NDVI), (h) Sentinel-2, Scene Classification
product, and (i) the OpenStreetMap vector data of the area. The scale for all sub-figures is shown in the
right bottom part of the Figure 3.

Furthermore, OpenStreetMap data were retrieved through the QGIS open-access software [40].
In our case study area, various vector data are available for download, as shown in Figure 3i. From these
vector polygons, areas characterized as vegetated and non-vegetated were identified and compared
with available images from the Google Earth platform.

4. Results

In this section, the overall results are presented. In Section 4.1, the results from the implementation
of the optical and the radar vegetation indices are presented, while the proportion of vegetation is
estimated and visualized in Section 4.2. The evaluation of these results is finally discussed in Section 4.3.

4.1. Vegetation Indices

As mentioned earlier, the calibrated optical and radar bands were retrieved from the Sentinel
Hub platform. Based on the equations provided before Equations (1) and (2) the NDVI and the RVI
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were estimated (also see Figure 3d–g). The range of these indices is between −1 to +1 for the NDVI
while for the RVI the range value is between 0 to +1. With the increase of vegetation cover, the value
of both indices increased to +1. At the same time, non-vegetated areas are close to 0 (and negative
for the NDVI in water bodies). Since the acquisition period for the Sentinel-1 and the Sentinel-2
images only had a one day difference, it was hypothesized that both indices were obtained at the same
phenological status of vegetation. The results from the application of the vegetation indices over the
area of interest are depicted in Figure 4. Figure 4a,d,g show the Sentinel-2 true colour composite over
the area of interest, the archaeological site of “Nea Paphos” and the historic Centre of the Paphos town,
respectively. Likewise, Figure 4b,e,h display the results of the RVI, while Figure 4c,f–i show the results
from the NDVI.

Vegetated areas as estimated from the RVI (Figure 4b,h) are shown with a green colour while
non-vegetated areas are visualized with a black colour. Vegetated areas in the NDVI (Figure 4c,f–i) are
highlighted with a dark-green colour and non-vegetated areas with a light-yellow colour. From Figure 4,
it is evident that optical products are more easily visually interpreted compared to the radar products,
however, this could be explored when optical images are not available, such as the case of high
cloud-coverage of the area of interest.
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Figure 4. (a) Sentinel-2 true colour over the area of interest, (b) Radar Vegetation Index (RVI),
(c) Normalized Difference Vegetation Index (NDVI), (d) closer look of (a) over the archaeological site
of “Nea Paphos”, (e) closer look of (b) over the archaeological site of “Nea Paphos”, (f) closer look
of (c) over the archaeological site of “Nea Paphos”, (g) closer look of (a) over the historical Centre
of Paphos town, (h) closer look of (b) over the historical Centre of Paphos town, and (i) closer look
of (c) over the historical Centre of Paphos town. Vegetated areas are shown with green colour while
non-vegetated areas with black colour for the RVI, while for the NDVI vegetation is highlighted with
dark green colour.
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To investigate if any correlation between the NDVI and the RVI values can be established,
regression models were applied. Figure 5 shows a scatterplot of 1000 points distributed randomly over
the case study area, at different target types, indicating the NDVI and RVI values at the X and Y axis,
respectively. As it is shown in this scatterplot, a high variance is observed, indicating that no strong
correlation between these two indices can be achieved. This is also aligned with the previous findings,
indicating that optical and radar indices do not produce similar findings.
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Figure 5. Scatterplot of NDVI and RVI values over 1000 random points in the case study area.

In light of the above, monthly RVI and NDVI during the period from May 2019 to May 2020 were
extracted from the Sentinel Hub service and interpreted. Monthly RVI results over the case study
area are shown in Figure 6-left, while Figure 6-right shows the results of the NDVI (whereas a–l in
both figures refers to months starting from May 2019). Higher RVI values that might correspond
to vegetated areas are highlighted with a red colour in Figure 6-left, while the dark-green colour in
Figure 6-right shows vegetation at the optical products. Examining Figure 6, it is evident that optical
Sentinel-2 images (NDVI) can depict the phenological changes of the vegetation very well over the
area of interest throughout the year. Indeed, during the summer period (June–August 2019), the NDVI
is decreased compared to other periods.

In contrast, the interpretation of the RVI is still problematic (Figure 6-left). However, some increase
in vegetation (red colour) is evident during the months Dec. 2019 to Feb. 2020 (Figure 6-left, h–j).
This increase of vegetation is also visible to optical products as well (Figure 6-right, h–j), indicating
that a pattern over vegetated areas can be extracted from both Sentinel-1 and -2 sensors.
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Figure 6. Monthly Radar Vegetation Index—RVI—(left) and Normalized Difference Vegetation
Index—NDVI—results (right) (a: May 2019, b: June 2019, c: July 2019, d: Aug. 2019, e: Sept. 2019,
f: Oct. 2019, g: Nov. 2019, h: Dec. 2019, i: Jan. 2020, j: Feb. 2020, k: March 2020 and l: April 2020).

4.2. Estimating the Proportion of Vegetation Cover

Based on the RVI and NDVI, the proportion of vegetation cover was estimated using the Equations
(3)–(6). The results from this application are shown in Figure 7. As mentioned earlier, the proportion
of vegetation was estimated using two different models per vegetation index. Especially for the
application of Equations (3) and (4), vegetated areas and non-vegetated areas need to be identified.
The areas were selected using vector polygons from the OpenStreetMap service, and elsewhere
(Google Earth environment). Green-colour polygons in Figure 7 show areas that were selected as
“vegetated”, while yellow-colour polygons correspond to the “non-vegetated” areas. Figure 7a–c
display the OpenStreetMap vegetated areas in the Google Earth environment, while Figure 7d–f show
the non-vegetated areas. For estimating the proportion of vegetation cover from Equations (5) and (6),
image image histogram statistics were used (max and min values). Based on the statistics, the RVI
values for the vegetated and non-vegetated areas were 0.81 and 0.16, respectively, while the NDVI
values for the vegetated and non-vegetated areas were estimated to be 0.80 and 0.27, respectively.
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Figure 7. Ground truth data as polygons extracted from the OpenStreetMap service used as “vegetated”
and “non-vegetated” areas (top). (a–c) shows a high-resolution optical preview of the vegetated areas
at Google Earth, while (d–f) the non-vegetated areas.

Figure 8a,b show the proportion of vegetation cover after the RVI (Equations (3) and (5)
respectively), while Figure 8c,d show the results generated from the NDVI using Equation (4)
and Equation (6), respectively. It is evident from Figure 8 that the proportion of vegetation per index
using image statistics or OpenStreetMap data is quite similar. However, the results vary when we use
optical and radar datasets. The general deviation of the results was expected, as we also saw this in the
previous findings (Figures 4–6). The RVI generates a noisier outcome (Figure 8a–b) compared to the
results obtained from the NDVI (Figure 8c–d). Further elaboration of these results is discussed in the
following section.
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Figure 8. The proportion of vegetation cover based on the RVI using Equation (3) (a) and Equation (5)
(b), and the NDVI based on Equation (4) (c) and Equation (6) (d).

4.3. Evaluation of the Results

To compare the results, we firstly estimated the difference in the proportion of vegetation cover
produced from the two different models. Figure 9a shows the difference the OpenStreetMap (Equation
(3) and image statistics (Equation (5)) for the RVI, while Figure 9b shows the difference between the
proportion of vegetation cover using the NDVI (Equations (4) and (6)). Higher differences between
the two models are shown with a red colour while lower differences are estimated with a blue colour.
However, examining the findings of Figure 9a,b, it is still difficult to compare the two outcomes.
Differences in the pattern are apparent, indicating that the selection of the type of sensor (i.e., Sentinel-1,
radar and Sentinel-2, optical sensors) influences the outcome.
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Figure 9. (a) Difference of the proportion of vegetation cover as estimated from the Radar Vegetaton
Index (RVI) based on Equations (3) and (5) and (b) Difference of the proportion of vegetation cover as
estimated from the Normalized Difference Vegetation Index (NDVI) based on Equations (4) and (6).
Higher difference values are indicated with red colour, while lower values with blue colour.
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We further estimated the differences between the findings of Figure 9a,b. The results of this
analysis are shown in Figure 10b. As shown in this Figure, differences in the estimation of the
proportion of vegetation can vary significantly and over 40% using the optical (NDVI) and radar (RVI)
indices. However, a closer look at these findings shows that the differences between these two types
of satellite sources are minimal (< 10%) over vegetated areas (Figure 10c). This finding suggests that
the estimation of the proportion of vegetation obtained by the Sentinel-1 and -2 sensors does not
differ significantly over vegetated areas. This is also supported from the findings of Figure 6, whereas
a similar pattern can be extracted for optical and radar products over vegetated areas (but not for
other types of targets). Indeed, the use of the factor in Equation (2) can be adjusted for other types of
targets. In addition, the scene classification product of the Sentinel-2 image of 13 May 2020 is shown in
Figure 10d. Vegetated areas are shown in this Figure with a green colour, which recaps the findings of
the results from Figure 10c, however with a lower resolution.
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Figure 10. (a) High-resolution satellite image over the case study area, (b) difference between the
results of Figure 9a,b, (c) areas with minimum differences between the optical and the radar sensor
indicated with blue colour over agricultural areas and (d) classification scene of Sentinel-2 images,
whereas as vegetated areas are shown with green colour.

The results of Figure 10c were compared with a high-resolution optical satellite image available at
the ArcGIS environment, at the northern part of the archaeological site of “Nea Paphos” (Figure 11a).
Figure 11b shows a closer look at the findings of Figure 10c in this area, indicating that the difference is
relatively low (blue colour in Figure 11b) over the vegetated areas. The results from the proportion of
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vegetation based on the optical Sentinel-2 sensor and using the NDVI and the OpenStreetMap inputs
are shown in Figure 11c, while a high proportion of vegetation is highlighted with a yellow colour.
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Figure 11. (a) High-resolution satellite image over the case study area, (b) difference between the results
of Figure 9a,b and (c) Normalized Difference Vegetation Index (NDVI)—proportion of vegetation.

While a direct comparison between the vegetation proportion from the RVI and the NDVI is
not feasible, in an attempt to integrate the findings, we multiplied the RVI and the NDVI results
(see Figure 8a–c), whereas high values will be expected in pixels with a high RVI and NDVI proportion
of vegetation estimation, indicating vegetation presence. The results are shown in Figure 12. Figure 12a
shows the multiplied RVI × NDVI results, whereas higher values indicated with a green colour
highlight vegetated areas. Figure 12b–d is a focus of the red polygon of Figure 12a at the area of the
historical Centre of Paphos (Figure 12b). Figure 12c is the proportion of vegetation as estimated from
the NDVI using Equation (4), while Figure 12d is the multiplied RVI × NDVI. As shown, the latest
image can better enhance the small differences in vegetation, also capturing some patterns from the
buildings of the area.
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Figure 12. (a) Multiplied Radar Vegetation Index (RVI) × Normalized Difference Vegetation Index
(NDVI) result. Higher values indicating vegetated areas are shown with green colour (b) Red-Green-Blue
(RGB) orthophoto of the red polygon of (a) showing the historical Centre of Paphos, (c) the NDVI—related
proportion of vegetation and (d) the RVI × NDVI result.
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5. Discussion

Overall, it was found that the use of optical and radar vegetation indices, namely the NDVI and
the RVI, did not provide comparable results (see Figure 8). Optical indices were more eaily interpreted
while the use of the RVI produced noisy data. However, some findings, such as the those of Figure 6,
suggest that radar products can be used as an alternative to the optical data for detecting patterns
(e.g., vegetation growth) in specific areas of interest.

To investigate the potential use of both proportions of vegetation indices derived from Sentinel-1
and -2 sensors, we multiplied the RVI ×NDVI, as shown in Figure 12. This new product that integrates
the RVI and NDVI outcomes can be used with the VV and VH polarizations of Sentinel-1 to create a
new pseudo-colour composite. The unique characteristic of the radar sensors to depict urban areas
(see also Figure 3c) can be used further to enhance the proportion of vegetation and urban areas. Such a
new composite is shown in Figure 13. Using Sentinel-2 spectral bands 4 and 8, we can estimate the
NDVI vegetation proportion while using the Sentinel-1 VV and VH polarizations; therefore, we can
estimate the RVI vegetation proportion. The combination of the two new products generates the new
RVI × NDVI vegetation proportion index, which can then be integrated again with the VV and the VH
polarization to highlight vegetated areas (red colour under the “pseudo-colour composite of Figure 13)
while buildings are also visible (with green colour in the same column).
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Figure 13. New pseudo-colour composite on the right-left of the Figure integrating the RVI ×NDVI
vegetation proportion index, and the VV/VH polarizations from Sentinel-1. Vegetated areas are shown
with red colour, while buildings with green colour. On the left side, the overall procedure (as explained
in the previous sections) for estimating the RVI × NDVI index.

6. Conclusions

Estimating vegetation proportion through Earth Observation sensors is important, especially when
dealing with the monitoring of hazards in the vicinity of archaeological sites. Vegetation cover is usually
extracted from optical vegetation indices such as the NDVI. However, with the increasing availability
of radar sensors like the Sentinel-1, radar-related vegetation indices have also been introduced in
the literature.

The Sentinel Hub big data cloud platform can provide readily calibrated reflectance optical bands
and VV/VH radar polarizations to end-users, and other ready products. Here, we explored the use of
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Sentinel-1 and -2 datasets for estimating vegetation proportion, as well as crowdsourced geo-datasets
from the OpenStreetMap service, on an area in the western part of Cyprus

The overall findings indicate that Sentinel-1 and -2 indices can provide a similar pattern only over
vegetated areas, which can be further elaborated to estimate temporal changes using integrated optical
and radar Sentinel data. The use of the OpenStreetMap data was found very helpful as it allowed us
to locate vegetated and non-vegetated areas with high accuracy, which would be difficult to achieve
with the medium-resolution Sentinel data. Additionally, satellite images need to be radiometrically
calibrated and corrected.

RVI and NDVI should be elaborated with caution since no direct correlation can be established.
However, processed products such as differences of the vegetation proportion estimation can uncover
similar patterns between the optical and the radar data. This allows us to fill gaps if no optical data are
available. The combination of RVI ×NDVI can enhance the presence of vegetated areas and can be
integrated back to the VV and VH polarization (see Figure 13). The results from these findings can be
further utilized so as to support the extraction of vegetation proportion using integrated radar and
optical datasets, especially in areas with high cloud-coverage, supporting hazard analysis and risk
management studies. In future, the author will explore ways to better adapt these two types of sensors
for risk analysis at archaeological sites.
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