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Abstract: Remote sensing techniques based on medium resolution satellite imagery are being widely
applied for mapping plastic covered greenhouses (PCG). This article aims at testing the spectral
consistency of surface reflectance values of Sentinel-2 MSI (S2 L2A) and Landsat 8 OLI (L8 L2 and
the pansharpened and atmospherically corrected product from L1T product; L8 PANSH) data in
PCG areas located in Spain, Morocco, Italy and Turkey. The six corresponding bands of S2 and L8,
together with the normalized difference vegetation index (NDVI), were generated through an OBIA
approach for each PCG study site. The coefficient of determination (r?) and the root mean square
error (RMSE) were computed in sixteen cloud-free simultaneously acquired image pairs from the
four study sites to evaluate the coherence between the two sensors. It was found that the 52 and
L8 correlation (r* > 0.840, RMSE < 9.917%) was quite good in most bands and NDVI. However,
the correlation of the two sensors fluctuated between study sites, showing occasional sun glint effects
on PCG roofs related to the sensor orbit and sun position. Moreover, higher surface reflectance
discrepancies between L8 L2 and L8 PANSH data, mainly in the visible bands, were always observed
in areas with high-level aerosol values derived from the aerosol quality band included in the L8 L2
product (SR aerosol). In this way, the consistency between L8 PANSH and 52 L2A was improved
mainly in high-level aerosol areas according to the SR aerosol band.

Keywords: Landsat 8; Sentinel-2; object-based classification; radiometric comparison; reflectance;
greenhouse mapping

1. Introduction

The rapid growth of the world population over the past 70 years is requiring higher agricultural
yields [1]. This increase in agricultural production is being partially supported by plastic covered
agriculture (also known as plasticulture or protected agriculture) [2], including greenhouse, medium
or low tunnels and plastic mulch. Plasticulture has shown to be a reliable option to move up the
first harvest and increase the yield of crops [2,3]. These advantages have increased the use of plastic
materials worldwide during the past decades [4]. The total area of greenhouse-based agriculture
in the world was around of 30,190 km? in 2016, mainly localized in China (91.4%), Korea (1.9%),

Remote Sens. 2020, 12, 2015; d0i:10.3390/rs12122015 www.mdpi.com/journal/remotesensing


http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com
https://orcid.org/0000-0003-0404-9875
https://orcid.org/0000-0002-1525-9512
https://orcid.org/0000-0002-5144-6411
https://orcid.org/0000-0003-3907-7489
https://orcid.org/0000-0002-2468-0771
https://orcid.org/0000-0002-3241-7068
http://www.mdpi.com/2072-4292/12/12/2015?type=check_update&version=1
http://dx.doi.org/10.3390/rs12122015
http://www.mdpi.com/journal/remotesensing

Remote Sens. 2020, 12, 2015 2 of 22

Spain (1.7%), Japan (1.6%), Turkey (1.1%) and Italy (0.9%) [5]. However, plasticulture has several
negative environmental effects such as the generation and accumulation of organic and plastic waste,
microclimate modification, altering pollinators distribution, aesthetic pollution of the rural landscape,
over-exploitation of the water resources and invasion of protected natural areas [2,6-8].

Bearing in mind the pros and cons of the use of plastic in agriculture, it is vital to develop efficient
monitoring systems to control the agricultural greenhouses and plastic-mulched farmland around the
world. In that sense, remote sensing techniques have been widely applied for mapping greenhouses and
plastic-mulched areas during the last decade, mainly using Landsat image data [9-17], including Landsat
5 from 1984 to 2012, Landsat 7 from 1999 to present and Landsat 8 (L8) from 2013 to present. Only a
handful of the aforementioned works required the fusion of the panchromatic (PAN) 15 m band and the
multispectral (MS) 30 m data provided by L8 [10,12,13]. It is important to note that spatial resolutions
equal to or better than 8-20 m are recommended to work on greenhouse or plastic-mulched farmland
remote sensing-based mapping [18,19]. In the last few years, the twin polar-orbiting European satellites,
Sentinel-2A and Sentinel-2B, which were launched on 23 June 2015 and 7 March 2017 (Sentinel-2
(52) data will be used henceforth to refer to both Sentinel-2A and 2B as they carry identical onboard
instruments [20]), have been extensively used as a single source of data for mapping plastic covered
agricultural areas [21-24]. Moreover, Novelli et al. [25] and Nemmaoui et al. [26] compared S2 and L8
imagery to classify previously segmented greenhouse objects using single-date images and time series,
respectively. Xiong et al. [27] proposed a new framework to map plastic-mulched farmland over large
areas using multi-source (52, Landsat 5-8, and MODIS) satellite imagery.

Most of these works used L8 Operational Land Imager (OLI) or/and S2 MultiSpectral Instrument
(MSI) scenes, downloaded the Top-Of-Atmosphere (TOA) Level-1 products (i.e., S2 Level-1C (L1C) and
L8 Level-1 Terrain Corrected (L1T)), and, in a second step, they processed the original Level-1 scenes
into a Level-2 product (L2 and L2A for L8 and S2, respectively) that provided atmospherically corrected
surface reflectance values at Bottom-of-Atmosphere (BOA). In the case of S2 imagery, the Sen2Cor
algorithm developed by the German Aerospace Center (DLR) [28] was usually applied to obtain L2A
data [21,25,26]. For L8, ATCOR module [10,12,25,26], based on the MODTRAN (MODerate resolution
atmospheric TRANsmission) radiative transfer code, and FLAASH module [14,15], implemented in
the Environment of Visualizing Images + Interactive Data Language (ENVI+ IDL) software, were the
main algorithms used to obtain the L2 products. Only two of the most recent articles from the
aforementioned literature worked on directly downloaded Level-2 products. In fact, Ou et al. [17]
downloaded Landsat 5 and L8 L2 scenes, freely available since July 2016, from the United States
Geological Survey (USGS) website through EarthExplorer tool [29]. This product, considered as
the BOA official product from Landsat data, is attained by the Landsat Surface Reflectance Code
(LaSRC) [30]. It makes use of the coastal aerosol band to perform aerosol inversion tests and auxiliary
climate data from MODIS through a unique radiative transfer model. In the same way, Balcik et al. [22]
worked directly on an S2 L2A scene freely downloaded from the official website of the European Space
Agency (ESA)-Copernicus Scientific Data Hub tool [31].

It is worth noting that the combination of data from S2 (2A/2B) and L8 provides an incredible
global median average revisit interval of 2.9 days [32]. Due to their free availability and similar spectral
bands, L8 OLI and S2 MSI data are usually combined in many remote sensing applications such as
plastic covered greenhouses (PCG) mapping [25,27]. In that sense, several studies have compared the
consistency of OLI and MSI products [33-38], reporting a quite variable performance depending on
land cover types, locations [37], and even seasons [38,39]. In this regard, there is a great interest in
minimizing the differences between the surface reflectance data (BOA) acquired from the OLI and MSI
sensors by undertaking the so-called Atmospheric Correction Inter-comparison Exercise (ACIX) [40] or
the Harmonized Landsat and Sentinel-2 (HLS) project [41].

While S2 and L8 surface reflectance data coherence have already been evaluated in several
studies, there is still a lack of focus on the temporal consistency between these two datasets when
applied on agricultural PCG areas. Thus, the goal of this work is pointing out the spectral differences
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between L8 and S2 sensors in PCG areas, in the perspective of their combined use for time series
analyses. This consistency comparison is mandatory from an operational point of view, bearing in
mind that plastic films present unique and very changeable bright surfaces. Therefore, the inter-sensor
radiometric coherence in terms of surface reflectance for the six corresponding bands of S2 MSI and L8
OLL as well as the normalized difference vegetation index (NDVI), was compared in four study sites
located in different countries around the world.

2. Study Sites

The four study sites (SS) are located in agricultural greenhouse areas from Spain (SS1), Morocco
(552), Italy (SS3) and Turkey (S54) (Figure 1a). All of them have a rectangular shape with an area of ca.
8000 ha (8000 x 10,000 m) and the topography is quite flat.
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Figure 1. Location and detailed views of the four study sites: (a) Global location (S51: Almeria (Spain);
552: Agadir (Morocco); SS3: Bari (Italy); SS4 Antalya (Turkey). Study site (little green polygon),
Landsat 8 Path and Row (red rectangle), Sentinel-2 tile (blue rectangle) and Sentinel-2 relative orbits
(blue and yellow lines); (b) Detailed view of the study site SS1; (c) SS2; (d) SS3; (e) SS4. All study site
detailed views are area based on RGB Sentinel-2 images taken in July 2019.
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SS1 study site is in the province of Almeria (Southern Spain). It is centered on the geographic
coordinates (WGS84) 36.7824°N and 2.6867°W (Figure 1b), being just at the core of the greatest
concentration of PCG in the world. The most representative greenhouse horticultural crops are tomato,
pepper, cucumber, aubergine, melon and watermelon.

552 is located in the Souss-Massa plain, in Agadir (Morocco), where more than 10,000 ha are
dedicated to under greenhouse horticultural crops, being the tomato the most representative crop
(50% of the total PCG area). The center of this study site is on the geographic coordinates (WGS84)
30.1478°N and 9.4386°W (Figure 1c).

SS3 is in the Apulia Region (Southern Italy), close to Bari. It is centered on the geographic
coordinates (WGS84) 41.0166°N and 16.9119°E (Figure 1d). In this area, there is a monoculture in
vineyard, where they grow using the traditional grape cultivation system characterized by a supporting
structure covered with plastic sheets in spring and summer.

554 is in Kumluca district of Antalya, Turkey, which includes intensive greenhouse areas. It is
centered on the geographic coordinates (WGS84) 36.3622°N and 30.2931°E (Figure 1e). SS4 presents a
similar production model as SS1 and SS2, being addressed to the horticultural crops.

3. Datasets and Pre-Processing

Sixteen cloud-free multi-temporal and simultaneously acquired L8 OLI (Landsat Collection 1 Level-1
TOA (L1T) and Landsat Collection 1 Level-2 BOA (L2) products) and S2 MSI L2A (BOA) images (S2 data
includes both Sentinel-2A and 2B images [20]) taken in 2019 were freely downloaded from the U.S.
Geological Survey (USGS) website through the EarthExplorer tool [29] and the European Space Agency
(ESA)-Copernicus Scientific Data Hub tool [31], respectively (Table 1). Six pairs of these L8 and S2 scenes
were taken on the study site SS1, three on SS2, two on SS3 and five on SS4. These were the only pairs taken
the same day during 2019 in the study areas. The information about the L8 (Path and Row) and S2 (tile and
orbit) used for each study site can be found in Figure la. Each of the pairs of L8 and S2 scenes were taken
the same day, with the difference between their acquisition times ranging from 11 min and 5 s to 48 min
and 36 s. All the L8 (L1T and L2) and S2 L2A scenes were downloaded with a dynamic range of 12 bits.

The L8 OLI L2 product is considered as the official surface reflectance product for L8 images. It is
generated through the LaSRC code [30] at a 30 m Ground Sample Distance (GSD), containing seven MS
bands (B1—Coastal aerosol (C, 430-450 nm), B2—Blue (B, 452-512 nm), B3—Green (G, 533-590 nm),
B4—Red (R, 533-590 nm), B5—Near infrared (NIR, 851-879 nm), B6—Shortwave infrared-1 (SWIR1,
1566-1651 nm) and B7—Shortwave infrared-2 (SWIR2, 2107-2294 nm)). It also contains three quality
bands consist of the pixel quality, radiometric saturation and Surface Reflectance aerosol (SR aerosol).
The first two quality bands are copied verbatim from the L8 L1T product, while SR aerosol band
is delivered with L8 L2 product to provide low-level detail (1-228 pixel values) about the aerosol
retrieval that may have influenced the final product result. The SR aerosol bit values higher than 194
are qualified as high-level aerosol [42]. L8 L2 product is not run for a scene with a solar zenith angle
greater than 76°, and the efficacy of surface reflectance correction will be likely reduced in areas where
atmospheric correction is affected by adverse conditions such as hyper-arid or snow-covered regions
(bright areas), low sun angle conditions, coastal regions where land area is small relative to adjacent
water and areas with extensive cloud contamination [42].

The 52 L2A is the official product from S2 images. It provides surface reflectance images divided
in 100 x 100 km? UTM/WGS84 projected tiles. This product has been systematically generated using
Sen2Cor processor [28] over Europe since March 2018, and was extended to a global scale in December
2018. The S2 MSI sensor collects up to thirteen bands with three different geometric resolutions ranging
from 60 m to 10 m GSD. In this study, we mainly used the six original image bands downloaded
with the 52 L2A product at 20 m resolution that match the spectral configuration of the OLI sensor,
i.e., B2—Blue (B, 458-523 nm), B3—Green (G, 543-578 nm), B4—Red (R, 650-680 nm), BSa—Narrow
NIR (NNir, 848-881 nm), Bl1—shortwave infrared-1 (SWIR1, 1565-1655 nm) and B12—shortwave
infrared-2 (SWIR2, 2100-2280 nm). The RGB S2 images at 10 m GSD were also used to extract ground
control points to perform the co-registration process.
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Table 1. Original Landsat 8 OLI (L1T and L2) and Sentinel-2 L2A images used in this study.

Study Site Date of Acquisition (D/M/Y) Satellite Path/Orbit Row/ID Tile  Start Time (UTC) Sun Azimuth (Degrees)  Sun Elevation (Degrees)
9 January 2019 L8 (L1T-L2) 199 35 10:44:16 156.13 28.02
Y S2A (L2A) R094 30SWF 10:56:16 162.54 29.33
. L8 (L1T-L2) 200 34 10:49:42 142.66 53.38
- April 201
£ 6 April 2019 S2A (L2A) RO51 30SWF 10:01:06 147.41 55.80
& 18 June 2019 L8 (L1T-L2) 199 35 10:44:15 118.75 67.73
& S2A (L2A) R094 30SWF 11:11:04 131.58 71.63
[}
= 25 June 2019 L8 (L1T-L2) 200 34 10:50:04 121.67 66.97
< S2A (L2A) RO51 30SWF 11:01:09 125.79 69.82
i
n “Ad-
R 20 Tulv 201 L8 (L1T-L2) 199 35 10:44:22 121.96 65.05
0 July 2019 S2B (L2A) RO51 30SWF 11:01:13 129.21 67.26
L8 (L1T-L2) 199 35 10:44:37 144.76 54.98
201
6 September 2019 S2A (L2A) R094 30SWF 11:11:00 153.17 57.21
5 January 2019 L8 (L1T-L2) 203 39 11:10:35 154.20 32.49
= y S2A (L2A) R037 29RMP 11:32:51 160.24 3452
T O
c O
5 L8 (L1T-L2) 203 39 11:10:40 107.29 67.01
S 16 July 201
< 2‘5 6 July 2019 S2B (L2A) R137 29RMP 11:23:10 111.31 69.81
o
R < 4 Octaber 2019 L8 (L1T-L2) 203 39 11:11:05 148.74 50.80
ctober S2B (L2A) R137 29RMP 11:23:02 153.49 55.22
» 7 uly 2019 L8 (L1T-L.2) 188 31 09:34:45 131.36 64.13
£s Y S2A (L2A) R079 33TXF 09:59:19 142.03 67.86
5
@ S L8 (L1T-L.2) 188 31 09:35:14 161.85 33.68
2 27 October 2019 S2B (L2A) R036 33TXF 09:49:19 165.89 35.12
. L8 (L1T-L2) 178 35 08:34:06 139.54 56.42
12 April 201
- pril 2019 S2B (L2A) RO64 36STF 08:50:16 146.15 57.94
< 1 July 2019 L8 (L1T-L.2) 178 35 08:34:32 118.33 67.08
£ Y S2B (L2A) RO64 36STF 08:50:19 125.61 69.41
o]
g, L8 (L1T-L.2) 178 35 08:34:55 148.22 51.14
= 1 201
g 9 September 2019 S2B (L2A) RO64 36STF 08:50:10 153.90 5213
< 6 Novermber 2019 L8 (L1T-L.2) 178 35 08:35:00 160.09 35.68
& ovember S2A (L2A) R107 36STF 09:00:09 167.28 36.59
8 December 2019 L8 (L1T-L.2) 178 35 08:34:56 160.26 28.64
ccember S2B (L2A) RO64 36STF 08:50:05 163.99 29.08

50f22
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The other product from L8 OLI used in this work was the L8 L1T one, with the same MS 30 m GSD
bands aforementioned for L8 L2 (but referred to TOA values) and one panchromatic band (B8: PAN,
503-676 nm) with 15 m GSD. Considering that the original 30 m spatial resolution of L8 is not suitable to
resolve individual fields in many agricultural landscapes [43], particularly in PCG areas, the fusion of
the information of PAN and MS L8 L1T bands through applying the PANSHARP module implemented
into Geomatica v. 2018 (PCI Geomatics, Richmond Hill, ON, Canada) was applied. The L8 L1T
pansharpened images were generated at 15 m GSD and 12-bit depth for the six bands that match
the spectral configuration of 52 MSI (B, G, R, NIR, SWIR1 and SWIR2). The next processing step
consisted of performing an atmospheric correction to the L8 L1T pansharpened images by applying
the ATCOR module, based on the MODTRAN (MODerate resolution atmospheric TRANsmission)
radiative transfer code [44] included in Geomatica v. 2018. It is important to note that the cloud
masking, water masking and haze removal processes were omitted at this step. The goal was to attain
pansharpened L8 15 m GSD images containing surface reflectance values (L8 PANSH) in order to be
compared with L8 L2 or S2 L2A data. More details about this step can be found in Aguilar et al. [10].

The images used in this work (Table 1) were clipped according to their corresponding study
area. After that, the simultaneously acquired products (i.e., L8 L2, 52 L2A and L8 PANSH) were
co-registered using a first order polynomial transformation computed on 10 planimetric ground control
points evenly distributed over each working area and extracted from the S2 L2A 10 m GSD images.
The alignment between L8 (L2 and PANSH) and S2 images was performed for each acquisition time.
Bearing in mind that the study sites were areas with a fairly flat topography, the co-registration turned
out to be excellent. In fact, the residual offsets ranged between 2.52 and 4.20 m in terms of planimetric
root mean square error (RMSExy), similar values to those reported by Stumpf et al. [45].

4. Methods

4.1. Inter-Sensor Radiometric Coherence

Atmospheric correction is especially important in those cases where multi-temporal or multi-sensor
images are analyzed [35]. On this basis, a study of inter-sensor radiometric (BOA) coherence between
52 (52 L2A 20 m GSD) and L8 (L8 L2 30 m GSD and L8 PANSH 15 m GSD) products simultaneously
acquired for sixteen dates and four study sites (Table 1) was performed.

The inter-sensor radiometric coherence was evaluated using 100 well distributed polygons for
each study site, all of them located inside of individual PCG. This number of polygons was already
successfully used by Aguilar et al. [10], being representative of the kind of existing greenhouses
in each study area. Furthermore, each polygon was manually digitized, adapting to the shape of
each greenhouse and leaving an inside buffer of at least 10 m with respect to the boundaries of the
corresponding greenhouse. This technique tried to avoid potentially mixed pixels located at the
borders of the sampled PCG, which is a very usual issue when working on medium-resolution satellite
imagery. Moreover, the digitization process was performed looking at the three products tested
and trying to be representative for all of them. For instance, Figure 2 shows three of the polygons
(P1, P2 and P3) digitized in Agadir (552) on L8 PANSH (Figure 2a), L8 L2 (Figure 2b) and S2 L2A
(Figure 2c). The average areas of the 100 polygons considered in each study site were 2645.4 m?,
3256.8 m?2, 2623.2 m? and 2054.2 m? for SS1, SS2, SS3 and SS4, respectively (i.e., covering more than two
pixels of the L8 L2 30 m product). It is noteworthy that the explained process forced one to choose only
large enough greenhouses to digitize a polygon inside. In this sense, it was difficult to find 100 samples,
especially in 554, where the average size of the greenhouses was quite small.

The mean surface reflectance values for the six common L8 and S2 bands were extracted from the
100 polygons and the three types of data tested (i.e., S2 L2A, L8 L2 and L8 PANSH) for each study site.
In addition, and in the same way as in other investigations [34,38,46], the effects of image consistency
on the normalized difference vegetation index (NDVI) [47] values were also studied in this work,
since it is the most used spectral index in agriculture applications. At this point, it is important to note
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that the S2 MSI sensor is capable of capturing two NIR bands, Near Infrared (B8) and Narrow NIR
(B8a), with the Relative Spectral Response Function (RSRF) of B8a being much more similar to the L8
NIR band [33,35,36]. Because of that, the S2 B8a band was used in this work for comparison with the
L8 NIR band (B5).

P3
[]

0 125 250 SUE/| 0 125 250 SUE/| 0 125 250 SUE/I
eters eters eters

(a) (b) (©

Figure 2. Location of three of the polygons (P1, P2 and P3) digitized in Agadir (S52): (a) L8 PANSH,
P1 (R:23.88 to 23.22 (23.53), G: 20.81 to 20.14 (20.48), B: 16.78 to 16.15 (16.48)), P2 (R: 49.97 to 46.40 (49.02),
G: 45.36 to 40.81 (44.12), B: 38.38 to 33.47 (36.79)), P3 (R: 55.99 to 45.89 (52.37), G: 51.12 to 41.03 (47.45),
B: 43.82 to 33.44 (40.11)); (b) L8 L2, P1 (R: 21.89 to 21.42 (21.74), G: 18.85 to 18.10 (18.63), B: 13.66 to 10.87
(12.31)), P2 (R: 48.22 to 40.74 (46.91), G: 43.29 to 36.32 (42.31), B: 36.77 to 30.97 (35.53)), P3 (R: 52.57 to
41.65 (48.71), G: 47.87 to 36.61 (43.85), B: 40.90 to 32.40 (37.24)); (c) S2 L2A, P1 (R: 24.71 to 24.07 (24.44),
G: 22.65 to 22.08 (22.37), B: 20.14 to 19.67 (19.93)), P2 (R: 57.64 to 54.08 (56.27), G: 54.45 to 51.51 (53.80),
B: 50.88 to 47.50 (50.04)), P3 (R: 64.25 to 50.10 (60.76), G: 62.46 to 45.95 (58.54), B: 59.10 to 42.92 (55.32)).
All the RGB images were taken on 16 July 2019. The range (maximum to minimum) and the mean
values (in brackets) of reflectance (%) for RGB and each polygon are shown.

Object based image analysis (OBIA) Trimble eCognition Developer v. 9.4 software was employed
for the extraction of the mean surface reflectance values in each polygon from L8 and S2 products. To this
end and for each study site, the chessboard segmentation algorithm included in eCognition was applied
on a thematic layer composed of a previously digitized vector file with 100 polygons representing
PCGs. Using this approach, the software only projects the vector file onto the images in order to obtain
a boundary adapted to the pixels (sample) to be extracted inside the polygons. One eCognition project
was conducted for each image product in the sixteen dates showed in Table 1, halving recursively
(i.e., dividing each original pixel into four derived pixels) the original GSD on the created project tab in
order to increase the spatial resolution of the images without altering the original surface reflectance
digital values. This method, devised to apply a very detailed segmentation included in a vector file
for medium resolution images using an OBIA approach, was already carried out by Aguilar et al. [10].
In this way, the S2 L2A and L8 PANSH original resolutions (20 m and 15 m GSD, respectively) were
halved four times to obtain a final GSD of 1.25 m and 0.937 m, respectively. In the case of L8 L2 30 m
GSD, five halvings were needed to obtain a final GSD of 0.937 m. In this way, the segmentation for each
image fit better to the original polygons regardless of the original product GSD.

Finally, the mean surface reflectance values, expressed as a percentage, for each of the six L8
and S2 common bands and for the three tested products were computed using all the pixels (with an
enhanced spatial resolution of about 1 m) within the OBIA segments. NDVI was also computed for
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each polygon, date and study site, using the mean values attained from Red (B4 for both for S2 and L8
datasets) and NIR bands (B5 for L8 and B8a for S2).

4.2. Comparison Metrics

The use of coefficient of determination (r?) or coefficient of correlation (r), and root mean square
error (RMSE) or root mean square difference (RMSD), is very usual when dealing with radiometric
consistency studies between satellite sensors [34-39,46]. In this case, and according to Padro et al. [35],
the comparison between surface reflectance values from the different satellite data simultaneously
acquired was carried out by computing r? and RMSE, the last expressed in reflectance units (%) when
comparing bands. The two radiometric coherence measures were computed for each date and study
site according to two procedures: (i) Including all the bands together to provide a synthetic view of the
consistency between products; (ii) band-by-band to count on a detailed view of the particular behavior
of each band.

5. Results

5.1. Inter-Sensor Radiometric Coherence between L8 Products

The first inter-sensor radiometric comparison was performed between the L8 PANSH 15 m GSD
images and the official L8 1.2 30 m GSD product. Figure 3 depicts an excellent goodness-of-fit (r?)
between the surface reflectance values from these two L8 products, showing that the pre-processing
of L8 L1T images (i.e., pansharpening, co-registration and ATCOR atmospheric correction) provided
a high coherence level with the official L8 L2 product in our unique study landscape constituted of
PCG land cover. While the band-by-band comparison for each date yielded variable results, the best
correlation was usually attained for SWIR1 and SWIR2 bands. On the other hand, the most important
discrepancies were found in the visible region, mainly in the blue band.

Analyzing the dates with the worst consistency between L8 L2 and L8 PANSH products, such as
SS1 January 9, SS2 July 16 or SS4 December 18, it was found that those polygons presenting higher
surface reflectance discrepancies were always in areas with high-level aerosol (pixel values ranging
from 194 to 228) derived from the aerosol quality band included in L8 L2 product (SR aerosol). Figure 4
shows this clear correspondence in a detailed area extracted from SS1 on January 9. Note that the
polygon below (P5 in Figure 4), located in a zone of high aerosol (mean value of 225.44 inside this
polygon), presented mean reflectance values of 10.01% and 18.83% for the blue band in L8 L2 and L8
PANSH, respectively. By contrast, the polygon above (P4 in Figure 4), located in a low-level aerosol
area (98.63 inside this polygon), showed very similar surface reflectance values in the blue band for the
two studied products (25.96% and 24.60% for L8 L2 and L8 PANSH, respectively). In the case of the
L8 L2 product, the decrease mainly affected the blue reflectance values, but also the green and red
bands, pointing to how high SR aerosol values can explain the abnormal display of the RGB image
(Figure 4b). These anomalous reflectance values are not present in L8 PANSH (Figure 4d) and S2 L2A
products (Figure 4a). Moreover, significantly better 2 values are achieved if only the polygons with SR
aerosol values lower than 194 are considered (i.e., free of high-level of aerosol according to SR aerosol
band) (Figure 5). The cases depicted in Figure 5 were exclusively those having at least one polygon
with high-level of aerosol. It is worth highlighting that the particular distribution of the polygons
over each test site can quantitatively affect the outcome of comparison results. However, the main
goal here was to detect why some PCGs showed reduced values of reflectance for the visible bands
of the L8 L2 images. In that sense, the OBIA approach based on a reduced sample of 100 polygons
(corresponding to individual greenhouses) for each study site allowed us to study, in a very detailed
way, their radiometric characteristics, giving us the opportunity to detect unique coherence problems.
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Figure 3. Coefficient of determination (r?) between L8 PANSH and L8 L2 images for the six tested
bands and each study site: (a) SS1 (Almeria); (b) SS2 (Agadir); (c) SS3 (Bari); (d) SS4 (Antalya). All the
100 polygons representing greenhouses were considered in each study site.
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Figure 4. L8 and S2 products where is shown a detailed area belonging to Almeria study site (SS1)
including two polygons in red: (a) S2 L2A RGB, P4 (R: 30.57 to 28.08 (29.30), G: 31.54 to 29.13 (30.44),
B: 30.02 to 27.70 (28.89)), P5 (R: 23.24 to 20.04 (21.89), G: 23.77 to 20.91 (22.42), B: 22.66 to 20.11 (21.51));
(b) L8 L2 RGB, P4 (R: 27.28 t0 23.79 (26.07), G: 28.17 to0 24.94 (27.05), B: 27.17 to 23.32 (25.96)), P5 (R: 17.84
to 5.86 (12.15), G: 18.53 to 9.60 (14.18), B: 16.72 to 3.38 (10.01)); (c) Aerosol band from L8 L2 (SR_aerosol),
P4 (100 to 68 (98.63)), P5 (228 to 164 (225.44)); (d) L8 PANSH RGB, P4 (R: 26.97 to 24.61 (26.04), G: 27.92
to 25.59 (26.99), B: 25.60 to 23.24 (24.60)), P5 (R: 20.74 to 18.08 (19.85), G: 21.71 to 18.79 (20.18), B: 20.55 to
17.27 (18.83)). All images were taken on 9 January 2019. The range (maximum to minimum) and the
mean values (in brackets) of reflectance (%) for RGB and aerosol level in each polygon are shown.
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Figure 5. Coefficient of determination (r?2) between L8 PANSH and L8 L2 images in the six tested bands
for each study site considering only the polygons without high aerosol level in each date (number of
polygons free of aerosol in brackets): (a) SS1 (Almeria); (b) SS2 (Agadir); (c) SS3 (Bari); (d) SS4 (Antalya).
For comparison, the original r? values (100 polygons) are shown as dashed lines.

The worse results in NIR, SWIR1 and SWIR2 bands in SS3 (Figure 5c) could be related to the
high spectral homogeneity of the PCGs in an area dedicated to a vineyard monoculture where the
reflectance values varied in a very short range. In fact, the best consistency statistics in terms of RMSE
(0.860%) and r? (0.995) were achieved in SS3 when all the surface reflectance values (L8 PANSH vs.
L8 L2) for the six common bands and the total dates per study site over the 100 polygons (i.e., 3600 data
points in 551, 1800 in SS2, 1200 in SS3 and 3000 in SS4) were used together. RMSE values of 1.635%,
1.348% and 1.277% and 12 of 0.989, 0.989, 0.987 were attained for SS1, SS2 and SS4, respectively.

5.2. Consistency between L8 and S2 Products

Figure 6 shows the representation of all surface reflectance values for each study site (3600 data
entries in 551, 1800 in SS2, 1200 in SS3 and 3000 in SS4) from simultaneous official products of S2 (52 L2A
20 m GSD) and L8 (L8 L.2 30 m GSD). The coefficient of determination (r?) indicates the goodness-of-fit
between S2 L2A and L8 L2 surface reflectance data (black color straight line), while the corresponding
RMSE estimates the disagreement between the surface reflectance position represented by grey crosses,
and the theoretically perfect fit (1:1 line in red). In this case, both the RMSE and r? values turned out to
be quite worse than those obtained for the consistency study between L8 PANSH and L8 L2 products.
Obviously, two different sensors (S2 and L8) were compared in this section, but the results turned out
to be very variable depending on the study site. The best results were achieved in SS3 (Figure 6¢),
where the PCG land cover was very homogeneous, without any bright areas with very high reflectance
values as there were in the other three study sites (see Figure 1d). The following two best-fit study sites
were S52 and S54 (Figure 6b,d), while the worst consistency between the official products of S2 and L8
was registered in SS1 (Figure 6a). In fact, several reflectance values from S2 L2A greatly overestimated
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the L8 L2 ones in SS1, even having a couple of grey crosses with surface reflectance values higher than
100%. However, there are also greenhouses presenting the opposite effect (i.e., much higher reflectance
values in L8 L2 than in S2 L2A).
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Figure 6. Correlation of all surface reflectance values between the six common bands of L8 L2 and S2
L2A products, with 1 being the number of total data points per study site: (a) SS1 (n = 3600); (b) SS2
(n = 1800); () SS3 (1 = 1200); (d) SS4 (n = 3000). The black line refers to the best fitting or regression
line, while the red line refers to the 1:1 line.

A more in-depth band-by-band analysis can be performed using Tables 2-5 (study sites SS1, SS2,
S53 and S54, respectively). Overall, the higher the band wavelength, the higher the coherence between
S2 L2A and L8 L2 surface reflectance data. Thus, better consistency (low RMSE values) was achieved
for SWIR1 and SWIR2 bands, while the lowest consistency was attained, in this order, for blue, green,
red and NIR. It is noteworthy that the RSRF of the SWIR bands are the most similar ones for L8 and
S2A [35]. However, there were two exceptional dates in SS1 in which the coherence for SWIR bands
turned out to be extremely low in terms of both RMSE and r? (18 June 2019) or only r? (25 June 2019).
This unexpected result seemed to be related to the sun glint effects as we will discuss later.

It is important to point out that the values of r* were not indicative of coherence between surface
reflectance values since they only referred to relative adjustments between data (precision estimation).
In fact, high r? values could be associated with high RMSE figures if bias is present [34]. For instance,
Figure 6a,d depicts a quite good relative fit (black trend line). However, the coherence (adjustment to
1:1 line in red) between surface reflectance values from the two sensors, quantitatively given by the
RMSE values, was not so good.
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Table 2. Band-by-band RMSE (% reflectance units) and coefficient of determination (r2) between
simultaneous S2 L2A and L8 L2 official products considered in SS1 (Almeria). The percentage of
high-level aerosol (SR aerosol) on the SS1 for each date is shown in the first column between brackets.

Acquisition All

Dates (Aerosol) Measures Blue Green Red NIR SWIR1 SWIR2 Bands
9/1/2019 RMSE 4.110 3.581 3.719 2.559 2.193 2.028 3.136
(13.2%) r? 0.808 0.880 0.868 0.886 0.921 0.921 0.941
6/4/2019 RMSE 12.058  8.496 6.743 5.426 2.444 2.238 7.112
(9.5%) 2 0.941 0.976 0.973 0.969 0.990 0.994 0.932
18/6/2019 RMSE 12205 11.325 11.625 12593  16.592 19.513 14.300
(1.4%) r? 0.815 0.738 0.571 0.308 0.069 0.038 0.340
25/6/2019 RMSE 13.394 10.813  8.943 6.701 7.405 8.051 9.494
(0.9%) r? 0.907 0.886 0.837 0.725 0.467 0.374 0.600
20/7/2019 RMSE 14271 12.057 10.050 6.611 5.141 7.463 9.797
(0.1%) r? 0.988 0.988 0.988 0.991 0.993 0.994 0.897
6/9/2019 RMSE 18.198 15.087 12.171 8.192 5.122 5.838 11.792
(1.2%) r? 0.972 0.973 0.972 0.960 0.954 0.954 0.865

Table 3. Band-by-band RMSE (% reflectance units) and coefficient of determination (r2) between
simultaneous S2 L2A and L8 L2 official products considered in SS2 (Agadir). The percentage of
high-level aerosol (SR aerosol) on the SS2 for each date is shown in the first column between brackets.

Acquisition All

Dates (Aerosol) Measures Blue Green Red NIR SWIR1 SWIR2 Bands
5/1/2019 RMSE 3.797 3.373 2.868 2.445 1.898 1.914 2.807
(5.2%) r? 0.940 0.970 0.973 0.971 0.987 0.986 0.976
16/7/2019 RMSE 9.706 7.132 6.116 4.151 4.946 7.410 6.820
(33.0%) 2 0.840 0.919 0.921 0.904 0.833 0.727 0.850
4/10/2019 RMSE 6.526 4.970 4.221 2.931 3.217 5.180 4.671
(14.1%) r? 0.901 0.987 0.992 0.989 0.993 0.994 0.946

Table 4. Band-by-band RMSE (% reflectance units) and coefficient of determination (r2) between
simultaneous S2 L2A and L8 L2 official products considered in SS3 (Bari). The percentage of high-level
aerosol (SR aerosol) on the SS3 for each date is shown in the first column between brackets.

Acquisition All
Dates (Aerosol) Measures Blue Green Red NIR SWIR1 SWIR2 Bands
7/7/2019 RMSE 3.971 2.769 1.279 2.338 1.081 1.039 2.338
(6.7%) r? 0.914 0.972 0.981 0.905 0.930 0.904 0.904
27/10/2019 RMSE 4.228 3.079 1.803 2.492 2.336 2.256 2.809
(3.1%) r? 0.938 0.969 0.976 0.923 0.950 0.937 0.985

Figure 7 shows the coherence between the L8 PANSH and S2 L2A for all surface reflectance values
in each study site. The results were slightly better than those depicted in Figure 6, though they point to
a similar trend. L8 PANSH images used in our PCG study areas yielded surface reflectance values
slightly more coherent with the S2 L2A ones than the L8 L2 official product. This fact is mainly linked
to the removal, in the case of L8 PANSH images, of the surface reflectance artifacts detected in the
L8 L2 product associated with points with high-level aerosol values provided by the L8 L2 SR aerosol
quality band. Furthermore, the better spatial resolution of L8 PANSH (15 m GSD) against L8 L2 (30 m
GSD) may also have increased the improvement achieved.
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Table 5. Band-by-band RMSE (% reflectance units) and coefficient of determination (r2) between
simultaneous S2 L2A and L8 L2 official products considered in SS4 (Antalya). The percentage of

high-level aerosol (SR aerosol) on the SS4 for each date is shown in the first column between brackets.

Acquisition All
Dates (Aerosol) Measures Blue Green Red NIR SWIR1 SWIR2 Bands
12/4/2019 RMSE 9.623 7.098 5.665 4.183 2.615 2.537 5.857
(20.3%) r? 0.930 0.951 0.947 0.931 0.945 0.951 0.907
1/7/2019 RMSE 11.348 8.830 7.279 4.179 3.905 4941 7.267
(5.0%) r? 0.928 0.933 0.942 0.951 0.940 0.899 0.872
19/9/2019 RMSE 9.785 8.056 6.858 3.422 3.426 4.642 6.489
(5.7%) r? 0.938 0.961 0.968 0.971 0.975 0.984 0.889
6/11/2019 RMSE 3.132 2.611 2.190 2.063 1.321 1.302 2.203
(9.5%) 2 0.913 0.941 0.951 0.772 0.915 0.948 0.957
18/12/2019 RMSE 3.269 2.195 1.984 2.385 1.833 1.729 2.291
(29.9%) 2 0.703 0.830 0.868 0.642 0.899 0.964 0.951
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Figure 7. Correlation of all surface reflectance values between the six common bands of L8 PANSH
and S2 L2A products, with n being the number of total data points per study site: (a) SS1 (1 = 3600);
(b) SS2 (1 = 1800); (c) SS3 (1 = 1200); (d) SS4 (1 = 3000).
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5.3. NDVI Comparison

The compared results of NDVI values for L8 L2 vs. 52 L2A and L8 PANSH vs. 52 L2A are plotted
for SS1 (Figure 8a,e), SS2 (Figure 8b,f), SS3 (Figure 8c,g) and SS4 (Figure 8d,h). They show that S2
and L8 NDVI values are generally consistent, especially when L8 PANSH images were used. Indeed,
L8 PANSH images corrected the low values of surface reflectance in the red band observed in the L8 L2
product just in areas affected by high-level of aerosol. In this way, the NDVI values derived from L8
PANSH were more coherent with those from 52 L2A. When L8 PANSH vs. 52 L2A NDVI values were
compared, r? values ranging from 0.982 to 0.992 were attained. Moreover, extremely good values were
also achieved in terms of RMSE, ranging from 0.046 to 0.018.
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Figure 8. Scatterplots relating pairs (S2 vs. L8) of NDVI values for each study site, with n being the
number of total data points: (a) L8 L2 vs. 52 L2A for SS1; (b) L8 L2 vs. 52 L2A for SS2; (c) L8 L2 vs. S2
L2A for SS3; (d) L8 L2 vs. S2 L2A for SS4; (e) L8 PANSH vs. S2 L.2A for SS1; (f) L8 PANSH vs. S2 L.2A
for SS2; (g) L8 PANSH vs. S2 L2A for SS3; (h) L8 PANSH vs. S2 L2A for SS4.

5.4. Sunglint Effects on PCG Areas

Turning to the specific cloud-free scenes taken in SS1 on June 18 and 25, they showed extremely
poor coherence statistics (e.g., r> values in Table 2 for all the six bands of 0.340 and 0.600, respectively).
Regarding these particular cases, it can be verify that several sun glint effects could be detected when
sunlight was reflected off specific plastic sheet surface covering greenhouses at approximately the same
angle as the satellite was looking at this surface. Thus, the component of sensor-received radiance due
to specular reflection of light from the plastic surface could be much greater than the real one. In this
regard, the two pairs taken in S51 during June 2019 were affected by sun glint effects, which can be
appreciated in Figure 9.
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Figure 9. Sun glint effect over greenhouses in SS1 corresponding to a detailed area (1000 m x 1000 m)
of the simultaneous RGB scenes taken on June 18 (first row) and June 25 (second row), 2019 in SS1:
(a) L8 PANSH, June, 18 (R: 36.84 to 33.88 (34.91), G: 33.08 to 30.09 (31.38), B: 29.11 to 26.41 (27.37));
(b) S2 L2A, June, 18 (R: 68.37 to 58.18 (63.43), G: 56.29 to 50.59 (52.34), B: 47.91 to 43.67 (45.38)); (c) L8
PANSH, June, 25 (R: 60.22 to 51.25 (53.58), G: 50.97 to 43.35 (45.12), B: 43.22 to 34.45 (36.64)); (d) S2 L2A,
June, 25 (R: 46.01 to 42.01 (43.43), G: 41.95 to 38.65 (40.03), B: 38.90 to 35.93 (36.97)). The red and blue
circles point to a greenhouse showing a high glint effect (also marked in the same colors in Figure 10).
The range (maximum to minimum) and the mean values (in brackets) of reflectance (%) for RGB in the
marked greenhouse are shown.

For 18 June 2019, sun glint problems can be made out over a few greenhouses in the S2 L2A image
(Figure 9b), while these specular reflections were totally avoided in the case of L8 PANSH (Figure 9a).
The reflectance values corresponding to this date for S2 L2A and L8 PANSH can be seen in Figure 10a.
The greenhouse marked with the red circle in Figure 9b, affected by sunlight reflection, presented
the highest reflectance value in the S2 L2A product corresponding to 138.79% for the SWIR2 band
(Figure 10a), while this same greenhouse had SWIR2 reflectance values of 25.42% and 25.82% for L8 L2
and L8 PANSH, respectively. While the greatest differences were detected in the SWIR1 and SWIR2
bands, there were also errors in the visible bands (see RGB reflectance values in Figure 9). These
radiometric differences between scenes due to sun glint led to poor coherence results. By contrast,
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on 25 June 2019 (Figure 10b), the SWIR2 reflectance values for this greenhouse were 87.50% for L8 L2
(blue circle in Figure 9¢) and 35.57% in the 52 L2A case. It is important to note that the sun glint
effect over plastic sheets was related to the sensor viewing geometry and its relationship with the
sun position, always located southeast of the area of interest for the L8 and S2 images used here
(Table 1). In that sense, the L8 PANSH image shown in Figure 9a was acquired from the Landsat path
199 (see Figure 1), leaving the sun on its back and, therefore, minimizing the sun glint effects. On the
contrary, the 52 L2A scene (Figure 9b) was captured just in front of the sun position from the orbit
R094 (see Figure 1), thus causing sun glint problems in some plastic roofs with a specific tilt in relation
to the sun position and elevation. Just the opposite happened in Figure 9¢,d, where the 52 image was
acquired from orbit R051 (leaving the sun on its back) while the L8 product was taken in front of the
sun from the Landsat path 200 (Figure 1). In all the other study sites, the simultaneously acquired
pairs were downloaded from only a centered path in the case of L8 and from two 52 orbits (the sun in
front and the sun behind orbits). In S52, only the S2 L2A image taken in January was acquired from
the bad orbit (i.e., theR037 orbit situated in front of the sun) (see Figure 1). For S54, the S2 image taken
in November was the only one acquired from the orbit situated in front of the sun (R107). In the case of
the SS3 study site, there was one 52 image taken on July from the bad orbit (R079). Clear effects of
radiometric differences in PCGs due to solar reflections could not be seen in SS2, SS3 and SS4. However,
it was possible to make out a few radiometric changes in bright areas, for instance, in some industrial
buildings located in the industrial estate of Carpuso (Bari, SS3) in the pair taken on July 1, 2019.

In light of these findings, we strongly recommend using scenes taken from orbits located on the
same side as the sun (i.e., R051 and 199 for L8 or S2A in SS1, R137 in SS2, R036 in SS3 and R064 in
S54), especially when working with high sun elevations (from April to September). Figure 11 depicts a
direct relationship between the RMSE values (52 L2A vs. L8 PANSH) for all bands computed for each
of the sixteen simultaneous scenes and the sun elevation at each date. Note that the highest RMSE
values indicating poor coherence were obtained for the scenes taken from April to September in all the
study sites, except in SS3 (Bari). In this period the sun elevations ranged from 52 to 70 degrees.
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Figure 10. Scatterplots relating pairs (S2 L2A vs. L8 PANSH) of surface reflectance values for all the
common six bands over the 100 polygons in SS1 considering two dates: (a) 18 June 2019; (b) 25 June
2019. The data highlighted with the red and blue circles are matched with those shown in Figure 9
for SWIR2.

The worst consistency was registered in S51, just in the simultaneous images taken on 18 June
2019, showing an RMSE value of 13.717% (Figure 11) for a sun elevation of 67.73 (L8) to 71.63 (52)
degrees. In this date, the high sun elevation, together with taking the image from the bad S2 orbit and
an extremely bright study area (Figure 1b), led to these remarkably poor results. In contrast, SS3 had
a very homogeneous PCG land cover with a single monoculture and without plastic sheets painted
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white (whitewashed) during summer to protect plants from excessive radiation and to reduce heat
inside the PCG [48], so being considered as a low bright PCG area (Figure 1d).
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25 35 45 55 65 75

Sun Elevation (degrees)
®Almeria @Antalya @Agadir @Bari

Figure 11. The relationship between the sun elevation and the coherence of S2 L2A vs. L8 PANSH
measured as RMSE (all the six bands) for each date and study site.

6. Discussion

While an excellent overall radiometric coherence between L8 L2 and L8 PANSH (r2 > 0.987,
RMSE < 1.635%) was achieved, some important discrepancies were found in the visible region (mainly
in the blue band). These discrepancies were related to areas with high-level aerosol values flagged by
the SR aerosol L8 L2 quality band. Aerosols can alter the signal intensity that is reflected or emitted from
a surface and eventually received by the satellite sensor [49]. In general, the shorter the wavelength,
the stronger the scattering by aerosols and gaseous molecules [49,50]. Thus, the uncertainties of the
visible bands are much greater than the NIR and SWIR bands as reported by Li et al. [46]. According to
the product guide of L8 LaSRC [42], the L8 OLI Band 2 (Blue) and Band 1 (Coastal aerosol) should not
be used for analysis, since they are already used within the algorithm to perform aerosol inversion
tests, making them potentially unreliable.

When the official surface reflectance products from S2 and L8 (S2 L2A vs. L8 L2) were compared,
the differences resulted to be bandwidth dependent (they were higher in the blue band and gradually
decreased for longer wavelengths). This finding was already reported in several works [35,46,51].
Similar r? values of 0.900 and 0.929 were reported by Vuolo et al. [52] and Padr¢ et al. [35], assessing
the same official products from S2 and L8. The reflectance values were usually overestimated in S2
L2A with respect to those provided by L8 L2, especially for high surface reflectance values. Note
that, after the first results of ACIX initiative, a new version of the S2A RSRF was released by ESA in
December 2017, particularly changing the responses of bands B1 (Coastal aerosol), B2 (Blue) and B8
(NIR) [40]. According to Zhang et al. [36], data from L8 and S2 have different spectral resolution and,
therefore, their data cannot be reliably used together. In addition, the works dealing with sensors
consistency usually compared L8 observations collected within +1 day of the S2 [46,51] even more [34].
This factor was crucial considering that the higher was the time distance between compared images,
the weaker was the correlation between S2 and L8 [34]. We tried to avoid this problem only using
simultaneously acquired pairs of both sensors.

There were four main factors that increased the radiometric discrepancies registered by the two
sensors in PCG areas: (i) Aerosol level, (ii) solar elevation, (iii) sun glint and, (iv) bright areas.

A highly accurate atmospheric correction is required for deriving the surface reflectance products
from L8 and S2 TOA reflectance data, due to the scattering and absorbing effects of atmospheric
aerosols and gases, such as water vapor, ozone and carbon dioxide [46]. PCG areas presented low
consistency related to high-level aerosol. While Sen2Cor and LaSRC consider the aerosol optical
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thickness (AOT), they produce different surface reflectance values especially for the blue band. Usually,
L8 L2 underestimated the surface reflectance values within the blue band in areas with high values
of aerosol provided by the SR aerosol band. These errors can be avoided by performing our own
atmospheric corrections without using cloud/water masking and haze removal processes. Moreover,
the filter designed by Zhang et al. [36] to exclude outliers by comparing L8 and S2 blue band reflectance
(Equation (1)) could be used [51], with Blue'® being the reflectance value of the 1.8 OLI band 2 and
Blue®? the S2 MSI band 2 reflectance.

|BlueL8 - Bluesz|

> 1.0
0.5 x |BlueL8 + Blu652|

)

The sun glint effect has been extensively discussed in aquatic satellite scenes [53-55], being
previously reported for PCG roofs in a study about the quality of digital surface models extracted from
very high resolution satellite stereo pairs (WorldView-2 and WorldView-3) [56]. In this case, the stereo
pairs viewing geometry and its relationship with the sun position could induce specular reflection of
sun light, thus causing unusually bright pixel digital values (sun glint effect) and thus contributing to
increase the number of missing image matching points. The sun glint effect observed in the present
work was related to the sun elevation, appearing with sun elevation higher than 52 degrees (i.e., mainly
in summer season). Working in urban areas (generally bright and anthropic areas such as PCG ones),
Nie et al. [38] reported worse consistency in summer data pairs, presenting the major discrepancies in
the SWIR2 band. In addition, an interesting relationship between the sun glint on some plastic sheets
and the satellite orbit (orbits leaving the sun on their back minimized this solar reflections) was found.

For detecting the outliers due to the sun glint effect observed in Almeria (551), a similar filter to
the one proposed by Zhang et al. [36] was tested on June 18 and 25 (Equation (2)). In that case, since
SWIR2 was the band most affected by sun glint, the filter was based on the radiometric difference for
this specific band. We used the mean value of L8 PANSH SWIR2 band (Mean SWIR2'®) and the mean
value of S2 L2A SWIR2 band (Mean SWIR2%2), both extracted from each polygon corresponding to an
individual greenhouse.

|Mean SWIR2E — Mean SWIR™?|

> 04
0.5 x [Mean SWIR2L8 + Mean SWIR252|

2

Using Equation (2), 28 and 5 outliers (greenhouses/polygons with sun glint effect) were detected
on June 18 and 25, respectively. The new data without these outliers notably improved the r> and
RMSE values shown in Figure 10. In fact, values of 0.892 (r?) and 7.272% (RMSE), and 0.808 (1?), 7.858%
(RMSE), were achieved for the pairs taken on June 18 and June 25, respectively. However, both the
cut-off value (0.4) and the equation based on SWIR2 reflectance values should be developed more
carefully by including more pairs of images around the world presenting glint effect.

Li et al. [46] reported that the S2 L2A surface reflectance values were generally overestimated in
bright areas. In these zones, the high AOT has a strong extinction effect and leads to the overestimated
surface reflectance [49,50]. Moreover, the accuracy of surface reflectance correction for L8 L2 is likely
reduced in bright areas [42]. When these bright areas are composed of non-Lambertian surfaces
such as plastic sheets, the surface reflectance discrepancies registered between L8 and S2 can be even
more important.

Regarding the NDVI comparison statistics, they were generally better than those reported by other
authors, especially when L8 PANSH images were used. Lessio et al. [34] reported RMSE values of NDVI
ranging from 0.10 to 0.21 even after applying a bias removal method proposed by them. However, they
did not use simultaneously acquired image pairs from L8 and S2. Better NDVI consistency statistics
between L8 and S2 were reported by Nie et al. [38] in an urban area in which RMSE values from 0.035
to 0.081 were computed. Li et al. [46] reported that the NDVI calculated using the Sen2Cor surface
reflectance of bands BSA and B04 was also reliable. The main problems found in this work affected the
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blue band (aerosol) and SWIR bands (sun glint), and any of these bands participate in the calculation
of NDVI values.

As mentioned in the introductory section, there is a great interest in the spectral harmonization [41]
by minimizing the differences between the surface reflectance data acquired from the OLI and MSI
sensors. A recently published work has reported on a new method for spectral harmonization using
separate transformation functions for various spectral clusters to adequately transform the acquired
L8 signal into the S2 spectral multivariate linear regression domain [57]. This method, available as a
Python package in a scientific software [58], could be tested in PCG areas in future works.

So far, and to the best knowledge of the authors, this is the first research work dealing with the
consistency between L8 and S2 using an OBIA approach. This methodology can be more useful in
some specific landcovers (e.g., PCG areas) than the classical pixel by pixel comparison. The applied
OBIA approach turned out to be very suitable since the reduced sample of 100 polygons for each
study site (all of them corresponding to individual greenhouses) allowed us to study their radiometric
characteristics in great detailed.

7. Conclusions

The inter-sensor radiometric coherence study in PCG areas between surface reflectance values from
the L8 and S2 simultaneously acquired products used in this work provided good scores for both their six
common bands (r? > 0.840, RMSE < 9.917%) and NDVI derived values (12 > 0.917, RMSE < 0.048). Overall,
the L8 reflectance values were lower than those provided by S2, especially for objects presenting high
reflectance values. Regarding the L8 tested products, an excellent fit (r? > 0.987, RMSE < 1.635%) between
L8 PANSH and the official L8 product (L8 L2) was observed, though some important discrepancies
related to areas with high-level aerosol values flagged by the SR aerosol L8 L2 quality band were found
in the visible region (mainly in the blue band). In this sense, the L8 PANSH product showed better
consistency with 52 L2A than L8 L2 data.

Comparing almost simultaneous scenes from L8 and S2, a very interesting relationship was found
between occasional sun glint effects on plastic greenhouse roofs, the orbit of the sensor, sun position and
sun elevation. In order to minimize these undesirable effects, especially frequent when sun elevation
presented high values (particularly in summer), we strongly recommend to use scenes captured from
orbits where the sun is located behind the sensor with respect to the target area (i.e., leaving the sun on
their back). The discrepancies between surface reflectance values from both sensors were also related
with the bright areas present at each study site.

The main discrepancies in this radiometric consistency study were due to (i) the reflectance
attenuation observed in the visible bands of L8 L2 images in in areas with high-level aerosol, and (ii) the
sun glint effects detected on plastic sheets. Both sources of error could be minimized removing outliers
by using filters based on blue and SWIR bands reflectance values.

While the conclusions are based on a thorough work carried out in four PCG study sites around
the world, further works are needed to learn much more about the consistency between the most
commonly used medium-resolution satellites to enhance their proper use in PCG areas. The application
of methods for spectral homogenization between L8 and S2 as a step prior to the classification of
greenhouses based on information coming from time series of both sensors could be a promising
research line to explore in further works.

Author Contributions: M.A.A. proposed the methodology, designed and conducted the experiments, and
contributed extensively in manuscript writing and revision. R.J.-L. collected the input data and performed the
experiments, additionally collaborating in manuscript revision. A.N. made significant contributions to the data
collection process. FJ.A. made significant contributions to the research design and manuscript preparation.
D.K.-S. provided data from Turkey study area collaborating in manuscript revision. E.T. provided data from Italy
study area collaborating in manuscript revision M.C. provided data from Morocco study area collaborating in
manuscript revision. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by Spanish Ministry for Science, Innovation and Universities (Spain) and the
European Union (European Regional Development Fund, ERDF) funds, grant number RTI2018-095403-B-100.



Remote Sens. 2020, 12, 2015 20 of 22

Acknowledgments: We acknowledge the support of the Spanish Ministry for Science, Innovation and Universities
(Spain) and the European Union (European Regional Development Fund, ERDF) funds (Grant Reference
RTI2018-095403-B-100). It takes part of the general research lines promoted by the Agrifood Campus of International
Excellence ceiA3 (http://www.ceia3.es/).

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Foley, J.A.; Ramankutty, N.; Brauman, K.A.; Cassidy, E.S.; Gerber, ]J.S.; Johnston, M.; Mueller, N.D.;
O’Connell, C.; Ray, D.K.; West, P.C.; et al. Solutions for a Cultivated Planet. Nature 2011, 478, 337-342.
[CrossRef] [PubMed]

Jensen, M.H.; Malter, A.]. Protected Agriculture: A Global Review; World Bank Publications: Washington, DC,
USA, 1995; Volume 253.

Lamont, W.J.J. Overview of the use of high tunnels worldwide. HortTechnology 2009, 19, 25-29. [CrossRef]
Espi, E.; Salmerdn, A.; Fontecha, A.; Garcia, Y.; Real, A I Plastic films for agricultural applications. J. Plast.
Film Sheeting 2006, 22, 85-102. [CrossRef]

Briassoulis, D.; Dougka, G.; Dimakogianni, D.; Vayas, I. Analysis of the collapse of a greenhouse with vaulted
roof. Biosyst. Eng. 2016, 151, 495-509. [CrossRef]

Agiiera, F.; Aguilar, M. A ; Aguilar, EJ. Detecting greenhouse changes from QB imagery on the Mediterranean
Coast. Int. ]. Remote Sens. 2006, 27, 4751-4767. [CrossRef]

Picuno, P,; Tortora, A.; Capobianco, R.L. Analysis of plasticulture landscapes in southern Italy through
remote sensing and solid modelling techniques. Landsc. Urban Plan. 2011, 100, 45-56. [CrossRef]

Jambeck, ].R.; Geyer, R.; Wilcox, C.; Siegler, T.R.; Perryman, M.; Andrady, A.; Narayan, R.; Law, K.L. Plastic
waste inputs from land into the ocean. Mar. Pollut. 2015, 347, 768-771. [CrossRef]

Lu, L.; Di, L.; Ye, Y. A Decision-Tree classifier for extracting transparent Plastic-Mulched landcover from
landsat-5 TM images. IEEE ]. Sel. Top. Appl. Earth Observ. Remote Sens. 2014, 7, 4548-4558. [CrossRef]
Aguilar, M.A.; Vallario, A.; Aguilar, E].; Garcia Lorca, A.; Parente, C. Object-Based Greenhouse Horticultural
Crop Identification from Multi-Temporal Satellite Imagery: A Case Study in Almeria, Spain. Remote Sens.
2015, 7, 7378-7401. [CrossRef]

Aguilar, M.A.; Nemmaoui, A.; Novelli, A.; Aguilar, EJ.; Garcia Lorca, A. Object-Based Greenhouse Mapping
Using Very High Resolution Satellite Data and Landsat 8 Time Series. Remote Sens. 2016, 8, 513. [CrossRef]
Novelli, A.; Tarantino, E. Combining ad hoc spectral indices based on Landsat-8 OLI/TIRS sensor data for
the detection of plastic cover vineyard. Remote Sens. Lett. 2015, 6, 933-941. [CrossRef]

Wu, C.E; Deng, ].S.; Wang, K.; Ma, L.G.; Tahmassebi, A.R.S. Object-based classification approach for
greenhouse mapping using Landsat-8 imagery. Int. ]. Agric. Biol. Eng. 2016, 9, 79-88. [CrossRef]

Hasituya; Chen, Z. Mapping Plastic-Mulched Farmland with Multi-Temporal Landsat-8 Data. Remote Sens.
2017, 9, 557. [CrossRef]

Yang, D.; Chen, J.; Zhou, Y.; Chen, X.; Chen, X.; Cao, X. Mapping plastic greenhouse with medium spatial
resolution satellite data: Development of a new spectral index. ISPRS ]. Photogramm. Remote Sens. 2017, 128,
47-60. [CrossRef]

Gonzélez-Yebra, O.; Aguilar, M.A.; Nemmaoui, A.; Aguilar, FJ. Methodological proposal to assess plastic
greenhouses land cover change from the combination of archival aerial orthoimages and Landsat data.
Biosyst. Eng. 2018, 175, 36-51. [CrossRef]

Ou, C;; Yang, J.; Du, Z,; Liu, Y.; Feng, Q.; Zhu, D. Long-Term Mapping of a Greenhouse in a Typical
Protected Agricultural Region Using Landsat Imagery and the Google Earth Engine. Remote Sens. 2020, 12,
55. [CrossRef]

Levin, N.; Lugassi, R.; Ramon, U.; Braun, O.; Ben-Dor, E. Remote sensing as a tool for monitoring plasticulture
in agricultural landscapes. Int. . Remote Sens. 2007, 28, 183-202. [CrossRef]

Hasituya; Chen, Z.; Wang, L.; Liu, J. Selecting Appropriate Spatial Scale for Mapping Plastic-Mulched
Farmland with Satellite Remote Sensing Imagery. Remote Sens. 2017, 9, 265. [CrossRef]

Drusch, M.; Del Bello, U.; Carlier, S.; Colin, O.; Fernandez, V.; Gascon, F.; Hoersch, B.; Isola, C.; Laberinti, P;
Martimort, P; et al. Sentinel-2: ESA’s Optical High-Resolution Mission for GMES Operational Services.
Remote Sens. Environ. 2012, 120, 25-36. [CrossRef]


http://www.ceia3.es/
http://dx.doi.org/10.1038/nature10452
http://www.ncbi.nlm.nih.gov/pubmed/21993620
http://dx.doi.org/10.21273/HORTSCI.19.1.25
http://dx.doi.org/10.1177/8756087906064220
http://dx.doi.org/10.1016/j.biosystemseng.2016.10.018
http://dx.doi.org/10.1080/01431160600702681
http://dx.doi.org/10.1016/j.landurbplan.2010.11.008
http://dx.doi.org/10.1126/science.1260352
http://dx.doi.org/10.1109/JSTARS.2014.2327226
http://dx.doi.org/10.3390/rs70607378
http://dx.doi.org/10.3390/rs8060513
http://dx.doi.org/10.1080/2150704X.2015.1093186
http://dx.doi.org/10.25165/IJABE.V9I1.1414
http://dx.doi.org/10.3390/rs9060557
http://dx.doi.org/10.1016/j.isprsjprs.2017.03.002
http://dx.doi.org/10.1016/j.biosystemseng.2018.08.009
http://dx.doi.org/10.3390/rs12010055
http://dx.doi.org/10.1080/01431160600658156
http://dx.doi.org/10.3390/rs9030265
http://dx.doi.org/10.1016/j.rse.2011.11.026

Remote Sens. 2020, 12, 2015 21 of 22

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Lu, L.; Tao, Y.; Dj, L. Object-Based Plastic-Mulched Landcover Extraction Using Integrated Sentinel-1 and
Sentinel-2 Data. Remote Sens. 2018, 10, 1820. [CrossRef]

Balcik, F.B.; Senel, G.; Goksel, C. Greenhouse Mapping using Object Based Classification and Sentinel-2
Satellite Imagery. In Proceedings of the 8th International Conference on Agro-Geoinformatics, Istanbul,
Turkey, 16-19 July 2019; pp. 1-5. [CrossRef]

Hao, P; Chen, Z.; Tang, H; Li, D.; Li, H. New Workflow of Plastic-Mulched Farmland Mapping using
Multi-Temporal Sentinel-2 data. Remote Sens. 2019, 11, 1353. [CrossRef]

Perilla, G.A.; Mas, ].F. High-resolution mapping of protected agriculture in Mexico, through remote sensing
data cloud geoprocessing. Eur. . Remote Sens. 2019, 52, 532-541. [CrossRef]

Novelli, A.; Aguilar, M.A.; Nemmaoui, A.; Aguilar, FJ.; Tarantino, E. Performance evaluation of object based
greenhouse detection fromSentinel-2 MSI and Landsat 8 OLI data: A case study from Almeria(Spain). Int. J.
Appl. Earth Obs. Geoinf. 2016, 52, 403-411. [CrossRef]

Nemmaoui, A.; Aguilar, M.A.; Aguilar, FJ.; Novelli, A.; Garcia Lorca, A. Greenhouse crop identification
from multi-temporal multi-sensor satellite imagery using object-based approach: A case study from Almeria
(Spain). Remote Sens. 2018, 10, 1751. [CrossRef]

Xiong, Y.; Zhang, Q.; Chen, X; Bao, A.; Zhang, J.; Wang, Y. Large Scale Agricultural Plastic Mulch Detecting
and Monitoring with Multi-Source Remote Sensing Data: A Case Study in Xinjiang, China. Remote Sens.
2019, 11, 2088. [CrossRef]

Main-Knorn, M.; Pflug, B.; Debaecker, V.; Louis, ]J. Calibration and validation plan for the L2A processor
and products of the Sentinel-2 mission. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 2015, XL-7/W3,
1249-1255. [CrossRef]

United States Geological Survey (USGS). EarthExplorer Download Tool. Available online: https:
//earthexplorer.usgs.gov/ (accessed on 9 April 2020).

Vermote, E.; Justice, C.; Claverie, M.; Franch, B. Preliminary analysis of the performance of the Landsat 8/OLI
land surface reflectance product. Remote Sens. Environ. 2016, 185, 46-56. [CrossRef]

European Space Agency (ESA). Copernicus Open Access Hub. Available online: https://scihub.copernicus.
eu/dhus/#/home (accessed on 9 April 2020).

Li, J.; Roy, D.P. A Global Analysis of Sentinel-2A, Sentinel-2B and Landsat-8 Data Revisit Intervals and
Implications for Terrestrial Monitoring. Remote Sens. 2017, 9, 902. [CrossRef]

Mandanici, E.; Bitelli, G. Preliminary comparison of Sentinel-2 and Landsat 8 imagery for a combined use.
Remote Sens. 2016, 8, 1014. [CrossRef]

Lessio, A.; Fissore, V.; Borgogno-Mondino, E. Preliminary tests and results concerning integration of sentinel-2
and Landsat-8 OLI for crop monitoring. J. Imaging 2017, 3, 49. [CrossRef]

Padro, ].-C.; Pons, X.; Aragonés, D.; Diaz-Delgado, R.; Garcia, D.; Bustamante, J.; Pesquer, L.; Domingo-
Marimon, C.; Gonzélez-Guerrero, O.; Cristobal, J.; et al. Radiometric Correction of Simultaneously Acquired
Landsat-7/Landsat-8 and Sentinel-2A Imagery Using Pseudoinvariant Areas (PIA): Contributing to the
Landsat Time Series Legacy. Remote Sens. 2017, 9, 1319. [CrossRef]

Zhang, HK,; Roy, D.P; Yan, L, Li, Z.; Huang, H.; Vermote, E.; Skakun, S.; Roger, ].-C. Characterization
of Sentinel-2A Landsat-8 Top of Atmosphere, Surface, and Nadir BRDF Adjusted, Reflectance and NDVI
Differences. Remote Sens. Environ. 2018, 215, 482-494. [CrossRef]

Chastain, R.; Housman, I.; Goldstein, J.; Finco, M. Empirical cross sensor comparison of Sentinel-2A and 2B
MSI, Landsat-8 OLI, and Landsat-7 ETM+ top of atmosphere spectral characteristics over the conterminous
United States. Remote Sens. Environ. 2019, 221, 274-285. [CrossRef]

Nie, Z.; Chan, KK.Y.; Xu, B. Preliminary Evaluation of the Consistency of Landsat 8 and Sentinel-2 Time
Series Products in An Urban Area—An Example in Beijing, China. Remote Sens. 2019, 11, 2957. [CrossRef]
Arekhi, M.; Goksel, C.; Balik Sanli, F; Senel, G. Comparative Evaluation of the Spectral and Spatial
Consistency of Sentinel-2 and Landsat-8 OLI Data for Igneada Longos Forest. ISPRS Int. ]. Geo-Inf. 2019, 8,
56. [CrossRef]

Doxani, G.; Vermote, E.; Roger, ].-C.; Gascon, F.; Adriaensen, S.; Frantz, D.; Hagolle, O.; Hollstein, A.;
Kirches, G.; Li, E; et al. Atmospheric Correction Inter-Comparison Exercise. Remote Sens. 2018, 10, 352.
[CrossRef]


http://dx.doi.org/10.3390/rs10111820
http://dx.doi.org/10.1109/Agro-Geoinformatics.2019.8820252
http://dx.doi.org/10.3390/rs11111353
http://dx.doi.org/10.1080/22797254.2019.1686430
http://dx.doi.org/10.1016/j.jag.2016.07.011
http://dx.doi.org/10.3390/rs10111751
http://dx.doi.org/10.3390/rs11182088
http://dx.doi.org/10.5194/isprsarchives-XL-7-W3-1249-2015
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
http://dx.doi.org/10.1016/j.rse.2016.04.008
https://scihub.copernicus.eu/dhus/#/home
https://scihub.copernicus.eu/dhus/#/home
http://dx.doi.org/10.3390/rs9090902
http://dx.doi.org/10.3390/rs8121014
http://dx.doi.org/10.3390/jimaging3040049
http://dx.doi.org/10.3390/rs9121319
http://dx.doi.org/10.1016/j.rse.2018.04.031
http://dx.doi.org/10.1016/j.rse.2018.11.012
http://dx.doi.org/10.3390/rs11242957
http://dx.doi.org/10.3390/ijgi8020056
http://dx.doi.org/10.3390/rs10020352

Remote Sens. 2020, 12, 2015 22 of 22

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Claverie, M.; Ju, J.; Masek, J.G.; Dungan, J.L.; Vermote, E.F; Roger, J.-C.; Skakun, S.V.; Justice, C.O.
The Harmonized Landsat and Sentinel-2 surface reflectance data set. Remote Sens. Environ. 2018, 219, 145-161.
[CrossRef]

U.S. Geological Survey. Landsat 8 Surface Reflectance Code (LaSRC) Product Guide, Version 2.0. Department
of the Interior, U.S. Geological Survey, 2019. Available online: https://www.usgs.gov/media/files/land-
surface-reflectance-code-lasrc-product-guide (accessed on 23 April 2020).

Defourny, P.; Bontemps, S.; Bellemans, N.; Cara, C.; Dedieu, G.; Guzzonato, E.; Hagolle, O.; Inglada, J.;
Nicola, L.; Rabaute, T.; et al. Near real-time agriculture monitoring at national scale at parcel resolution:
Performance assessment of the Sen2-Agri automated system in various cropping systems around the world.
Remote Sens. Environ. 2019, 221, 551-568. [CrossRef]

Berk, A.; Bernstein, L.S.; Anderson, G.P; Acharya, PK.; Robertson, D.C.; Chetwynd, ]. H.; Adler-Golden, S.M.
MODTRAN Cloud and Multiple Scattering Upgrades with Application to AVIRIS. Remote Sens. Environ.
1998, 65, 367-375. [CrossRef]

Stumpf, A.; Michéa, D.; Malet, J.-P. Improved Co-Registration of Sentinel-2 and Landsat-8 Imagery for Earth
Surface Motion Measurements. Remote Sens. 2018, 10, 160. [CrossRef]

Li, Y,; Chen, J.; Ma, Q.; Zhang, HK_; Liu, J. Evaluation of Sentinel-2A surface reflectance derived using
Sen2Cor in North America. IEEE J. Sel. Top. Appl. Earth Obs. Remote. Sens. 2018, 11, 1997-2021. [CrossRef]
Rouse, ].W.; Haas, R.H.; Schell, J.A.; Deering, D.W. Monitoring Vegetation Systems in the Great Plains with
ERTS. In Proceedings of the 1973 Earth Resources Technology Satellite-1 Symposium, Washington, DC, USA,
10-14 December 1973.

Aguilar, M.A; Bianconi, F; Aguilar, EJ.; Fernandez, I. Object-based greenhouse classification from GeoEye-1
and WorldView-2 stereo imagery. Remote Sens. 2014, 6, 3554-3582. [CrossRef]

Kokhanovsky, A.A. Aerosol Optics: Light Absorption and Scattering by Particles in the Atmosphere; Praxis
Publishing Ltd.: Chichester, UK, 2008.

Liang, S. Quantitative Remote Sensing of Land Surfaces; Wiley: Hoboken, NJ, USA, 2004.

Shang, R.; Zhu, Z. Harmonizing Landsat 8 and Sentinel-2: A time-series-based reflectance adjustment
approach. Remote Sens. Environ. 2019, 235, 111439. [CrossRef]

Vuolo, E,; Zéttak, M.; Pipitone, C.; Zappa, L.; Wenng, H.; Immitzer, M.; Weiss, M.; Baret, F.; Atzberger, C.
Data Service Platform for Sentinel-2 Surface Reflectance and Value-Added Products: System Use and
Examples. Remote Sens. 2016, 8, 938. [CrossRef]

Kay, S.; Hedley, J.; Lavender, S. Sun Glint Correction of High and Low Spatial Resolution Images of Aquatic
Scenes: A Review of Methods for Visible and Near-Infrared Wavelengths. Remote Sens. 2009, 1, 697-730.
[CrossRef]

Pahlevan, N.; Schott, J.R.; Franz, B.A.; Zibordi, G.; Markham, B.; Bailey, S.; Schaaf, C.B.; Ondrusek, M.;
Greb, S.; Strait, C.M. Landsat 8 remote sensing reflectance (Rrs) products: Evaluations, intercomparisons,
and enhancements. Remote Sens. Environ. 2017, 190, 289-301. [CrossRef]

Pahlevan, N.; Sarkar, S.; Franz, B.A.; Balasubramanian, S.V.; He, ]. Sentinel-2 MultiSpectral Instrument (MSI)
data processing for aquatic science applications: Demonstrations and validations. Remote Sens. Environ.
2017, 201, 47-56. [CrossRef]

Aguilar, M.A.; Nemmaoui, A.; Aguilar, EJ.; Qin, R. Quality assessment of digital surface models extracted
from WorldView-2 and WorldView-3 stereo pairs over different land covers. GISci. Remote Sens. 2019, 56,
109-129. [CrossRef]

Scheffler, D.; Frantz, D.; Segl, K. Spectral harmonization and red edge prediction of Landsat-8 to Sentinel-2
using land cover optimized multivariate regressors. Remote Sens. Environ. 2020, 241, 111723. [CrossRef]
Scheffler, D. SpecHomo: A Python Package for Spectral Homogenization of Multispectral Satellite Data
(Version v 0.6.0). Zenodo. Available online: https://zenodo.org/record/3678744# XvBAQOdRVPY (accessed
on 23 April 2020). [CrossRef]

@ © 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1016/j.rse.2018.09.002
https://www.usgs.gov/media/files/land-surface-reflectance-code-lasrc-product-guide
https://www.usgs.gov/media/files/land-surface-reflectance-code-lasrc-product-guide
http://dx.doi.org/10.1016/j.rse.2018.11.007
http://dx.doi.org/10.1016/S0034-4257(98)00045-5
http://dx.doi.org/10.3390/rs10020160
http://dx.doi.org/10.1109/JSTARS.2018.2835823
http://dx.doi.org/10.3390/rs6053554
http://dx.doi.org/10.1016/j.rse.2019.111439
http://dx.doi.org/10.3390/rs8110938
http://dx.doi.org/10.3390/rs1040697
http://dx.doi.org/10.1016/j.rse.2016.12.030
http://dx.doi.org/10.1016/j.rse.2017.08.033
http://dx.doi.org/10.1080/15481603.2018.1494408
http://dx.doi.org/10.1016/j.rse.2020.111723
https://zenodo.org/record/3678744#.XvBAQOdRVPY
http://dx.doi.org/10.5281/zenodo.3678713
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Study Sites 
	Datasets and Pre-Processing 
	Methods 
	Inter-Sensor Radiometric Coherence 
	Comparison Metrics 

	Results 
	Inter-Sensor Radiometric Coherence between L8 Products 
	Consistency between L8 and S2 Products 
	NDVI Comparison 
	Sunglint Effects on PCG Areas 

	Discussion 
	Conclusions 
	References

