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ARTICLE INFO ABSTRACT
Keywords: Protected agriculture boosts the production of vegetables, berries and fruits, and it plays a pivotal role in
Protected agriculture guaranteeing food security globally in the face of climate change. Remote sensing is proven to be useful for
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identifying the presence of (low-tech) plastic greenhouses and plastic mulches. However, the classification ac-
curacy notoriously decreases in the presence of small-scale farming, heterogeneous land cover and unaccounted
seasonal management of protected agriculture. Here, we present the random forest-based pixel-level Open field
and Protected Agriculture land cover Classifier (OPAC) developed using Sentinel-2 L2A data. OPAC is trained
using tiles from Switzerland over 2 years and the Almeria region in Spain over 1 acquisition day. OPAC classifies
eight land covers typical of open field and protected agriculture (plastic mulches, low-tech greenhouses and for
the first time high-tech greenhouses). Finally, we assess (1) how the land covers in OPAC are labelled in the
Sentinel-2 Scene Classification Layer (SCL) and (2) the correspondence between pixels classified as protected
agriculture by OPAC and by the best performing Advanced Plastic Greenhouse Index (APGI). To reduce
anthropogenic land covers, we constrain the classification task to agricultural areas retrieved from cadastral data
or the Corine Land Cover map. The 5-fold cross-validation reveals an overall accuracy of 92% but other clas-
sification scores are moderate when keeping the separation among the three classes of protected agriculture.
However, all scores substantially improve upon grouping the three classes into one (with an Intersection Over
Union of 0.58 as an average among the scores of the three classes and of 0.98 for one single class). Given the
recently acknowledged importance of Sentinel-2 Band 1 (central wavelength of 443 nm), the classification ac-
curacy of OPAC for the Swiss small-scale farming is mostly limited by the band’s reduced spatial accuracy (60 m).
A careful visual assessment indicates that OPAC achieves satisfactory generalization capabilities also in North
European (the Netherlands) and four Mediterranean areas (Spain, Italy, Crete and Turkey) without the need of
adding location and temporal specific information. There is good agreement among natural land covers classified
by OPAC and the SCL. However, the SCL does not have a class for protected agriculture, the latter being often
classified as clouds. APGI achieved similar to lower classification accuracies than OPAC. Importantly, the APGI
classification task depends on a user-defined space- and time-specific threshold, whereas OPAC does not.
Therefore, OPAC paves the way for rapid mapping of protected agriculture at continental scale.

1. Introduction covers that modify local environmental factors (rainfall, irrigation,

temperature, radiation, wind, humidity, and thus evapotranspiration) to

Protected agriculture is a promising technological solution to secure larger yields. Because protected agriculture is highly remunera-

securely produce vegetables, berries and fruits for a growing human tive and supports the economic development of rural areas, it has been

population in the face of varying meteorological conditions driven by spreading globally at an increasing rate (Briassoulis et al., 2016; Espi
climate change. Protected agriculture comprises low- and high-tech crop et al., 2006).
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Low-tech plastic sheets for covering soils (mulches) and/or plants
(tunnels and greenhouses) are the most common. They are used either
seasonally or year-round and they serve to reduce evaporation, increase
soil temperatures or avoid germination of unwanted weeds. Direct
environmental impacts of the use of plastic sheets include the large
amount of plastic waste and soil pollution from microplastics and their
chemical additives (Harms et al., 2021; Huang et al., 2020; Lian et al.,
2022; Wang et al., 2021). On the other hand, high-tech protected agri-
culture implies the construction of built structures equipped with sys-
tems that regulate environmental factors. Here, crops are often grown
out of the soil and directly within aqueous growing media that provide
the right dose of micro- and macro-nutrients. Such greenhouses are most
beneficial where natural conditions are not suitable for growing vege-
tables and berries, such as in light-scarce and extreme climates.
High-tech greenhouses may have high energy demand to provide light
and regulate large indoor volumes (Ntinas et al., 2017).

Remote sensing products play a pivotal role in global near real-time
agricultural land cover classification. They provide precious information
to manage agricultural areas for food security and to drive policy-
making for environmental sustainability (Defourny et al., 2019). In
the context of plastic agriculture mapping, a plethora of methodologies
have been published (M. A. Aguilar et al., 2020). These methodologies
employ indices or classification models to define whether the pixels or
objects of the sensed land covers belong to plastic agriculture or not.
Indices are calculated as the algebraic combination of selected input
data (typically, the reflectance of important wavelengths). The numer-
ical output is then compared against a defined threshold for land cover
classification. Differently, classification models are trained on a dataset
of numerical features determined to be important for classifying the
target land covers. The trained model is then applied to classify new
datasets composed of the same features used in the training phase. The
most accurate and robust index for mapping plastic greenhouses and
mulches against other land covers, based on the exceedance of a
threshold value, at the pixel level, is the recent “advanced plastic
greenhouse index” (APGI) (Zhang et al., 2022). The APGI is developed
for Sentinel-2 data and it achieves overall accuracies ranging from 90%
to 97%. However, the authors noted that the threshold for mapping
using the APGI is subject to spatial and seasonal variations. Classifica-
tion models based on machine learning or deep learning algorithms are
an alternative methodology to map plastic agriculture (see selected ex-
amples in Table 1).

As far as mapping protected agriculture using radar data is con-
cerned, Hasituya et al. (2017) note that polarimetric decomposition
features are more important than the backscatter itself. However, Lanz
et al. (2020) state that plastic is almost transparent in Sentinel-1’s C
band. Several factors might affect the backscatter signal from plastic
greenhouses, including the metal frame supporting the plastic sheets and
the presence of condensing moisture on the plastic sheets. These factors
require more thorough investigations.

Operational satellite-based agriculture monitoring at global scale is
advancing quickly (Defourny et al., 2019), but protected agriculture
mapping is not accounted for in such applications, as in Tsendbazar et al.
(2021). Challenges for global monitoring of protected agriculture arise
from spectral ambiguity, spatial resolution and the lack of robust
phenological patterns. A first challenge for mapping protected agricul-
ture is determined by spectral ambiguity due to clouds and other highly
reflective surfaces. Clouds hinder the use of optical data for any land
cover classification application. The wide range of plastic materials used
in protected agriculture (Mormile et al., 2017) leads to very high
intra-class variations of spectral signatures (Zhang et al., 2022). In
contrast, other highly-reflective natural and synthetic surfaces deter-
mine very low inter-class variations of spectral signatures. To improve
the classification accuracy of plastic greenhouses mapping, there has
been an increasing reliance on image segmentation prior to the use of
classification models (e.g., references in Table 1). The segmentation step
unifies contiguous spatial units based on their similarity in terms of
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Table 1

References to different methods and the achieved overall accuracy based on
classification models to map plastic agriculture distinguished by the sensor(s)
and approach used. When one author study more sites, we calculate the mean
overall accuracy.

Author, year Method Approach  Sensor(s) Overall
Accuracy®
Acharki and Random Forest Pixel Landsat-8 and >87%
Veettil Sentinel-2,
(2022) PlanetScope and
RapidEye
Zhang et al. MDI by Aguilar Pixel Sentinel-2 >89%
(2022) et al. (2016)
GDI by >77%
Gonzalez-Yebra
et al. (2018)
PGI by Yang et al. >86%
(2017)
APGI by Zhang >95%
et al. (2022)
Balcik et al. Random Forest Object Sentinel-2 >87%
(2020) Support-Vector >85%
Machine
K-nearest >88%
neighbour
Random Forest SPOT-7 >91%
Support-Vector ~88%
Machine
K-nearest >91%
neighbour
Nemmaoui Decision tree on Object Landsat-8 and ~93%
et al. time series Sentinel-2A
(2018)
Jietal Threshold model Object Landsat-8 >98%
(2019)
Novelli et al. Random Forest Object Sentinel-2, ~94%
(2016) Landsat-8 and
World-View 2
Lu et al. Classification and Object Sentinel-2 and ~90%
(2018) regression tree Sentinel-1
Random Forest ~94%
Support-Vector ~94%
Machine
Sun et al. 1-D Convolutional ~ Object Sentinel-2 ~90%
(2021) Neural Network
Ma et al. Dense object dual-  Object Several sources Not
(2021) task deep learning of RGBimagesat  calculated

1 m resolution

% The overall accuracy was often the only metric measured the studies.
However, we argue that overall accuracy is a biased metric in the presence of
unbalanced training data, that is when different classes contain a different
number of training data. (Ma et al., 2021) reported other performance scores.

spectral information and texture. These units allow for adding contex-
tual information, such as shape, which could help to improve the ac-
curacy of the classification model. However, segmentation requires
additional expertise and high computational power. Yet, to be highly
effective, segmentation requires very high-resolution images in order to
allow for distinguishing small objects, thus reducing the effect of mixed
land cover within a pixel. However, these images are often not freely
available. The need for expertise to perform segmentation and the cost
of very high-resolution images hinder the up-scaling of object-based
approaches. The second challenge is represented exactly by the pres-
ence of small-scale farming because it causes high inter- and intra-plot
variability (Bégué et al., 2020). This issue is exacerbated in protected
agriculture because plastic greenhouses may occupy a small portion of
land or may not be contiguous to let room for machines. Yet, plastic
mulches can be spaced out with bare soil or vegetation. Indeed, Hasituya
etal. (2017) recommend to use a spatial resolution smaller than 10 m for
applications related to plastic agriculture. However, there are no oper-
ational satellite sensors achieving such resolution at the wavelengths of
Sentinel-2. Rather, Zhang et al. (2022) highlighted the importance of
Band 1 of Sentinel-2 for plastic agriculture mapping, which has a
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Fig. 1. Study areas. White-filled squares indicate the
100 km x 100 km UTM grid squares in which

T32TLT

Sentinel-2 products are subset for distribution. Red-
contoured tiles are used for model training and
application. Black-contoured tiles are used for model
application. Zoomed in tiles show the Sentinel-2 True
Color Image at 10 m resolution in 2021 for
Switzerland on August 12th (T32TLT, T32TMT,
T31TGM, T32TLS, T32TMS and T32TMS) and on
August 14th (T32TNT), for the Netherlands on
September 7th (T31UET), for Spain on August 28th
(T30SWF), for Italy on July 16th (T33SVA), for

T32TNT)

T32TNS

Greece on July 31st (T35SLU) and for Turkey on
August 27th (T35SQA). The grey background is the
blank map of Europe without borders available at htt
ps://commons.wikimedia.org/wiki/File:Blank_m
ap_europe_no_borders.svg.

resolution of 60 m only. Moreover, mixed land cover within a pixel can
be critical in countries with large spatial heterogeneity due to frag-
mented land covers (i.e., in small-scale farming) or topographical con-
ditions, such as narrow mountain valleys. The third challenge is crop
management, which can lead to multiple and faster land cover changes
over the agronomical year. These changes could confound the use of
time-series analysis for land cover classification (Bégué et al., 2020).
Management practices are particularly relevant in protected agriculture
where plastic mulching is typically used upon seeding, but in a short
period, the growing plants influence the spectral signature of the mulch
(Hasituya et al., 2017). As far as plastic greenhouses are concerned, they
may be temporarily installed during the growing season to protect fruits
from adverse meteorological events and they may also be white-painted
to enhance the protection offered to the growing crops by the plastic
tunnels against hot temperatures and intense sunlight (M. Aguilar et al.,
2014). Finally, all studies have focused on the mapping of low-tech
rather than high-tech greenhouses. This latter category of protected
agriculture is expanding globally in countries where climatic conditions
are adverse for local fruit and vegetable production, which are nutritious
in humans’ diet (van Delden et al., 2021).

In this research, we perform per-pixel classification of Sentinel-2 L2A
products with a random forest algorithm due to its speed, robustness and
the possibility to retrieve the reason(s) for a particular land cover
assignation. Our choice relies on the concept that the model has learnt
the signature of the eight targeted land covers in space and time. Thus,
we present the Open field and Protected Agriculture land cover Classifier
OPAC for Sentinel-2 data. We train OPAC on 5151 pixels labelled with
eight different land covers covering a wide variety of agricultural
landscapes, two years of monthly variations in environmental conditions
and several different types of protected agriculture covers (i.e., mulches,
low-tech greenhouses and for the first time high-tech greenhouses). In
addition to 5049 pixels in Switzerland, 102 pixels are sampled and
labelled from four relevant land cover classes within the Mediterranean
region of Almeria in southern Spain. This aims to adapt to locally spe-
cific spectral signatures for the target land covers in other climates, as
well as to local cropping management practices (i.e., white-painting). By
applying OPAC to single pilot Sentinel-2 products relative to the
Netherlands, Spain, Italy, Crete and Turkey, we test whether OPAC can
effectively supersede the step of fine-tuning space- and time-specific
thresholds needed in the index-based studies for mapping plastic

greenhouses using the APGI developed by Zhang et al. (2022) as an
example. Moreover, we evaluate whether OPAC can also classify natural
land covers through the comparison with the Sentinel-2 Scene Classifi-
cation Layer (SCL). Finally, instead of image segmentation, we propose
to resolve spectral ambiguity using national cadastral inventories or the
Corine Land Cover map to constrain the classification effort.

2. Study area and data
2.1. Study areas

We research on the presence of protected agriculture in Switzerland
and five other target locations relevant for generalizing our work over
Europe (i.e., The Netherlands, Spain, Turkey, Italy and Greece) (Fig. 1).

Switzerland has a complex topography putting forth a wide diversity
of agricultural landscapes, which cover about 40% of the territory and
amount to 1,044,000 ha. In 2020, agricultural areas were covered by
pasture and grasslands for 69.9%, cereals for 13.6%, open field agri-
culture for 6.9%, oil seeds and fruits for 3.0%, potatoes and beetroots for
2.8%, perennial cultures for 2.3% and others for 1.5% (UST, 2021).
Importantly, 1.2% of agricultural areas were destined to horticulture, of
which 4% was covered with greenhouses (UST, 2021).

Due to climatic reasons, the Netherlands have focused on vegetable
production in high-tech greenhouses. Most of the greenhouses are
located in the Hague and in the Rotterdam areas, where cucumbers,
tomatoes and sweet peppers are produced (van der Velden et al., 2004).
The Sentinel-2 tile for this site is T31UET.

Mediterranean areas are the ones where low-tech plastic-made
greenhouses are predominantly found. Worldwide, the most investi-
gated area is the Almeria region in Spain. Here, the most economically
relevant crop and berry grown below greenhouses are tomatoes and
strawberries, respectively (Aguilar et al., 2020). Almeria is within tile
T30SWE.

Recent greenhouse mapping applications focused on the Anamur
district in Turkey (Balcik et al., 2020; Zhang et al., 2022). There, the
grown banana and strawberries supply 40% of the national demand
(Blacik et al., 2020). In order to have a study site close but not coincident
with the site used for calibrating the location-specific threshold for the
APGI, we study the surroundings of the city of Demre from tile T35SQA.

For testing the robustness of OPAC over not yet studied areas but
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with similar horticultural models and landscapes of the above
mentioned Mediterranean study sites, we visually identified in Google
Earth two sites located in the surroundings of Marina di Acate (Sicily,
Italy) within tile T33SVA and of the Ierapetra district (Crete, Greece)
within tile T35SLU.

2.2. Data sources

2.2.1. Sentinel-2 satellite images

We use Sentinel-2 satellite images (L2A products) downloaded from
the Copernicus Open Access Hub. Each product is a 100 x 100 km?
ortho-image in UTM/WGS84 projection, extracted from a single orbit.
The Sentinel-2 mission comprises a constellation of two identical satel-
lites in the same orbit, 180° apart providing a global revisit time of
maximum 5 days. The spatial resolution of their Multi-Spectral In-
struments (MSI) ranges between 10 and 60 m. Sentinel-2A was launched
on June 23, 2015 and Sentinel-2B on March 7, 2017; these dates indicate
the limit for possible retrospective analyses. Sentinel-2 L2A products are
processed with Sen2Cor (Main-Knorn et al., 2017), which uses Level 1C
Top-Of-Atmosphere (TOA) input, performs its atmospheric, terrain and
cirrus correction, and outputs bottom-of-atmosphere (BOA) reflectance
multiplied by 10,000. In our analyses, we referred to the scaled BOA
reflectance as reflectance. L2A products comprise a SCL with 20 m
resolution pixel flags for: NO_DATA, SATURATED_OR_DEFECTIVE,
DARK_AREA PIXELS, CLOUD_SHADOWS, VEGETATION, NOT_VEGE-
TATED, WATER, UNCLASSIFIED, CLOUD_MEDIUM _PROBABILITY,
CLOUD_HIGH_PROBABILITY, THIN_CIRRUS and SNOW.

2.2.2. Very high-resolution images

Ground truth (annotated reference data) is essential for training
machine-learning models. For Switzerland, we use freely available, very
high-resolution (10 cm) aerial images with known acquisition dates for
accurate interpretation of Sentinel-2 True Color Images (TCI). These
aerial photos are updated every three years. Depending on the location,
they are taken in different periods of the year to achieve the best image
quality. These images can be downloaded from https://www.swisstopo.
admin.ch/en/geodata/images/ortho/swissimagel0.html; they are also
available via the ESRI Satellite-Quick Map Service of QGIS. The shape-
file of the flights with the corresponding date can be downloaded from
http://data.geo.admin.ch/ch.swisstopo.lubis-bildstreifen/ch.swisstopo.
lubis-bildstreifen.zip.

For study areas outside Switzerland, we infer the land cover captured
at Sentinel-2 acquisition dates from freely accessible Google Earth im-
agery and Google Street View scenes.

2.2.3. Agricultural land cover

According to the Food and Agriculture Organization (FAO) of the
United Nations, agricultural land refers to the share of land area that is
arable (temporary crops, temporary meadows for mowing or for pasture,
land under market or kitchen gardens, and land temporarily fallow),
under permanent crops (flowering shrubs, fruit trees, nut trees, and
vines) and land used for forage. We acquire two vector datasets defining
agricultural lands in Switzerland.

The first vector dataset is compiled by Swiss Cantonal Authorities
and defines agricultural lands at the parcel level (Landwirtschaftliche
Bewirtschaftung in German, hereafter LWB; available at https://www.
geodienste.ch/downloads/lwb_nutzungsflaechen). It is updated at best
every year depending on the canton. Overall, there exist 152 land covers
annotated in the three Swiss national languages. Some of these land
covers clearly indicate the presence of protected agriculture, e.g. in
German “Gemiisekulturen in geschiitztem Anbau ohne festes Funda-
ment” or translated in English “Horticulture performed under cover
without fixed foundations”. Note that, in a few instances, we observed
that more than one crop was grown in the same polygon of the yearly
highly-detailed LWB vector dataset. According to the LWB vector data-
set, the Swiss agricultural landscape was divided in 1,275,178 parcels
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for an overall area of 1,028,253 ha, similar to the area reported in the
official report by UST (2021) (Section 2.1). A considerable percentage of
parcels in the Swiss agricultural landscape are smaller than the resolu-
tion of the Sentinel-2 Band 1 equal to 60 m x 60 m. For example, Fig. 2
shows that about 80% of the parcels covered by all-year protected crop
are smaller than 3600 m?. Land uses within the categories of “Agricul-
ture land” (e.g., strawberries), “Orchard” and “Other perennial culture”
(e.g., perennial berries), but not limited to, can be covered by plastic
mulches and greenhouses.

The second vector dataset is the Corine Land Cover map (hereafter
Corine) for 2018, which defines agricultural lands at the EU scale
(Table 2). Corine can be downloaded upon free registration from https:
//land.copernicus.eu/pan-european/corine-land-cover/clc2018. Corine
has a minimum mapping unit of 25 ha, which is large relatively to
Switzerland’s small-scale farming, and cannot be used for emulating a
segmentation of the land use and avoiding mixed spectral signatures.

3. Methods

The random forest-based Open field and Protected Agriculture land
cover Classifier (OPAC) is fully developed in the RStudio environment
(v4.1.1). Random forest is a machine-learning method, developed by
Breiman (2001), which can be used for classification tasks. It uses
“bootstrapping” and “feature bagging” to fit a user-defined number of
individual decision tree models to the dataset; then, each tree acts as a
classifier on its own and the final class assignation corresponds to the
mode of the outputs. “Bootstrapping” is realized by randomly sampling
the dataset with replacement for building each decision tree. “Feature
bagging” is obtained through the random selection of a subset of the
features present in the dataset at each split in the growth of each deci-
sion tree. Inherently, a random forest model contains several parame-
ters. In this research, we fine-tune (1) the number of features randomly
sampled as candidates at each split (mtry), (2) the number of decision
trees to grow (ntree) and (3) the minimum terminal node size (node-
size). In the next subsections, we describe the routine followed to build
the dataset used to develop OPAC.

Here, we focus on eight land covers (plus one class for shadows) that
are predominant on Swiss agricultural lands and are also present in SCL
(except protected agriculture). This choice allows for investigating the
differences between OPAC and SCL, which can contribute to enhance
SCL by adding protected agriculture. Thus, we set our research as a nine
class, per-pixel classification problem by focusing on the land covers
listed in Table 3. We neglect the class for “clouds” given its frequent
misclassifications with protected agriculture and vice versa all year
round (output not shown). For completeness, we list here special labels
that we use to annotate pixels where OPAC encounters peculiar
misclassification issues outside the training data set (results in Section
4.3): “Excavation”, “Soil_next” and “NA”. “Excavation” indicates the
occurrence of construction works in the agricultural parcels, which are
clear in the aerial photos and look like very bright surfaces in Sentinel-2
TCI. “Soil_next” highlights the relevance of the poor spatial resolution of
Band 1 for mapping protected agriculture by showing those pixels
misclassified as protected agriculture and within a distance of 60 m
(sensor resolution) from true protected agriculture pixels. The class
“NA” is used for pixels that could not be labelled confidently in the
available aerial photos, nor in the 10 m resolution Sentinel-2 TCI.

3.1. Pre-processing

We develop OPAC based on Sentinel-2 L2A data pre-processed to 20
m pixel resolution. For each Sentinel-2 L2A pixel, we form a 13-dimen-
sional feature vector by stacking ten spectral bands (i.e, Bands
1,2,3,4,5,6,7,8,11,12) and three spectral indices. These indices are the
well-known NDVI (Rouse et al., 1974) and NDWI (Gao, 1996) together
with the recent NI (Zhang et al., 2022) (mathematical formulations in
Table 4). The NI is the most important feature to separate
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Fig. 2. Empirical cumulative distribution function of the areas of the parcels belonging to the agriculture land cover categories (different colors) defined by the Swiss

Federal Office for Agriculture. SUA stands for Surface Useful for Agriculture. NA indicates the lack of the category definition for a land cover.

Table 2 Table 3
Corine land cover code and label used in this study. Land covers classified by OPAC.

Corine Land Cover  Label Land cover Description Notes

code label

211 Non-irrigated arable land “Mulch_white” White plastic mulch and while We neglect black plastic mulch

212 Permanently irrigated land soil cover sheets. given that we are not able to

213 Rice fields distinguish them from other

221 Vineyards dark land covers in our

222 Fruit trees and berry plantations preliminary investigations.

223 Olive groves “Tunnel” White low- and high- Crops are mostly grown in the

231 Pastures greenhouses in plastic. soil. Some level of automation

241 Annual crops associated with permanent crops can be realized within high-

242 Complex cultivation patterns tunnels (e.g., sunlight shades).

243 Land principally occupied by agriculture with significant areas Hydroponics systems are

of natural vegetation possible.

244 Agro-forestry areas “Glasshouse™ These are high-tech These are fully automated
greenhouses, typically made greenhouses with hydroponics
from glass or polycarbonate, systems and sunlight shades.
they look like large buildings

high-transparency plastic greenhouses from artificial surfaces, blue-roof ;‘Zs]ertg?:;:;ﬁe:ﬁ::t tllirf:(’t

building typical of the Chinese agricultural landscape, water and crop- cycle and shades management.

lands (Zhang et al., 2022). We do not use APGI as a feature because APGI “Vegetated” Areas covered with low Low and tall vegetation can

is the linear composition of NI with the red band (this band was used in vegetation (crops, meadows, have different spectral

the APGI to increase the separability with blue roof buildings) and with etc.) and tall vegetation signatures. Among annual

th 1 band (inh i 1 t f h ing) (orchards). crops, there are summer and

€ aeroso. an .11'1 erently r.e .evan or greenhouses mapping). winter crops. The latter lead to

Therefore, our working hypothesis is that the random forest model can the presence of vegetation in

learn the relationship (linear or not) among NI, the red band and the agricultural lands in winter

aerosol one from the data. Most of the instruments on Sentinel-2 operate ) andspring.

at 20 m pixel resolution. Therefore, we down-sample Bands 2, 3, 4 and 8 Forest Areas covered with forests. Zﬁii‘;‘;{’igﬁg’iﬁ:t(')?solr‘z}::re s

from 10 m to 20 m (by means of the “aggregate” function and using the included in the class

mean value) and we up-sample Band 1 from 60 m to 20 m (by means of “Vegetated” with the spectral

the “disaggregate” function and keeping the same value). We disregard signature of trees in “Forest”;

Band 8A but we keep Band 8 given that the latter is used to calculate the further investigations could

. . . . improve the classification

normalized difference water index (NDWI) (Gao, 1996), which we use as results

a model feature. We neglect Bands 9 and 10 because they are sensitive to “Baresoil” Soil that is bare. Limited to agricultural soils.

water vapor absorption and cirrus clouds. We include three indices in “Water” Ponds, lakes, streams and Sediments, algae and

the feature vector calculated as given in Table 4. rivers. vegetation in water bodies can
produce very different spectral
signatures from water itself.

3.2. Model development “Snow” Snow. Aging and dust can affect the
spectral signature.

We describe the model development procedure in the next para- “Shadow” Cloud and tree shadows.

graphs. Fig. 3 shows the corresponding workflow.
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Table 4
Indices included in the feature vector.
Description Formula
The Normalized Difference Vegetation Index relevant for NDVI — (B8 —B4)
mapping green vegetation (Rouse et al., 1974) " (B8 +B4)
The Normalized Water Moisture Index “NDWTI” (Gao, NDWI — (B8 —B11)
1996) relevant for assessing vegetation water content ~ (B8 +B11)
A recent and robust index for good separability of NI =

transparent plastic greenhouses from other natural and
artificial land covers (Zhang et al., 2022) (2 x B8 — B4 — B12)

(2 x B8+ B4+ B12)

3.2.1. Pixel labelling

The final dataset used to develop OPAC comprises the information
gained from labelling 5151 pixels of selected Sentinel-2 products
(number of pixels per acquisition date and location of the Sentinel-2
image are shown in Fig. 4) using the eight land covers (plus a class for
shadows) listed in Table 3. The labelling is based on the combined visual
analysis of 10 m Sentinel-2 TCI and the available very high-resolution
aerial images. Google Street View images are very helpful for
acquiring the side view of the object framed in the pixel. Asynchrony
among images is very likely and may hinder the confident classification
of a pixel; when the latter happens, we do not use the pixel for labelling.

During model development, we labelled more than 6000 pixels,
eventually filtered to 5151 after considerations of the reflectance values
for Band 1 of the classes “Tunnel” and “Glasshouse”. The pixels are
sampled within two UTM grid squares in Switzerland (T32TLT and
T32TNT) and one square in Spain (T30SWF) (tiles with red contour in
Fig. 1) spanning from February to December over 2019 and 2021. This
procedure is key to capture spatial and temporal heterogeneities in the
dataset relevant for land cover mapping of agricultural areas. The UTM
grid squares for Switzerland are predominantly covered by agriculture
(open field and protected), they encompass diverse meteorological and
hydrological regimes, topographic gradients, and they capture possible
different crop management practices due to the influence of two cultural
backgrounds, French and German (Fabre et al., 2021). We include 102
annotated pixels in the UTM grid square T30SWF of the Almeria region
within the summer period (August 28, 2021) (Fig. 1) for achieving the
transferability of OPAC to Mediterranean agricultural landscapes.

3.2.2. Cross-validation of the dataset

The iterative size increase of the dataset grounds on a quantitative
and a qualitative assessment of the classification outputs calculated for
several Sentinel-2 products upon using a range of values of the hyper-
parameter space (Fig. 3). The parameter mtry, per default equal to the
square root of the total number of predictors, was changed from 2 to 8,
while ntree, per default equal to 500, was changed from 100 to 2000;
nodesize was kept to 1. The quantitative assessment considers classifi-
cation performance scores. The performance scores are calculated upon
performing a 5-fold cross-validation for EQ (1) to EQ (5) with TP being
the number of true positives, TN the number of true negatives, FP the
number of false positives and FN the number of false negatives:

TP + TN
Overall accuracy = (TP +TN) EQ1
(TP +TN + FP+ FN)
TP
Precision=————— EQ 2
(TP + FP)
Recall = L EQ 3
(TP +FN)

Fl — score—2 x Prectisz:on X Recall EQ 4
(Precision + Recall)

TP
Intersection — Over — Union = ——————— EQS5
(TP + FP + FN)
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In the qualitative assessment, we run OPAC on Sentinel-2 products
within the UTM grid squares selected in this study (tiles with the contour
in black or red in Fig. 1) at random acquisition dates. Then, we visually
compare the classification map against the array of reference images
available (i.e., 10 m Sentinel-2 TCI and very-high resolution ones). Note
that, we run the model only on Sentinel-2 pixels completely within the
vector polygon features (no intersection with polygons’ boundaries) of
LWB and Corine (within Switzerland) and of Corine (outside
Switzerland). In this way, we focus on agricultural lands and we reduce
the possibility to classify pixels with a mixed land cover. However, there
is the possibility that more than one crop is grown in the same polygon of
LWB, which could result in a mixed spectral signature.

3.2.3. Dataset quality check relative to band 1

In the final dataset, we filtered out pixels labelled as “Tunnel” and
“Glasshouse” with Band 1 reflectance <1000. Zhang et al. (2022)
demonstrate that high reflectance values for Band 1 are more likely than
other bands to indicate plastic greenhouses. We confirmed this obser-
vation by plotting the reflectance values for Band 1 of the different land
covers over the month of the year (MOY). This analysis allowed to
identify a reflectance threshold of 1000 for Band 1 for separating
“Tunnel”, “Mulch_white” and only in part “Glasshouse” from other land
covers (Fig. 5). However, Band 1 has a poor pixel resolution (60 m),
which may have led to low (<1000) Band 1 reflectance values of some
labelled pixels due to mixed signature. Yet, the reflectance values of
Band 1 for “Glasshouse” are significantly higher and they feature sea-
sonal variability in the West of Switzerland, but not in the East. The
range of Sentinel-2 observation geometries is however quite compara-
ble, and we cannot explain this observation without dedicated
inspections.

We investigate the implications of training a model on the full
dataset or on the final dataset (having filtered out pixels labelled as
“Tunnel” or “Glasshouse” with a reflectance value < 1000 for Band 1).
First of all, we highlight how blurred the information can become when
the pixel resolution decreases from 10 cm down to 10 m, 20 m and 60 m,
which is the one of Band 1 (Fig. 6a—d). Second, we show that the filtered
dataset allows for developing a more accurate version of the model (i.e.,
OPACQ), for example, given the capability to classify as “Baresoil” rather
than “Glasshouse” the mixed signature of bright surfaces with vegeta-
tion typical of roads with adjacent vegetation (Fig. 6e and f). By training
the model on the filtered dataset (i.e., OPAC), we reduce the occurrence
of false positives for the task of mapping protected agriculture. In the
filtered dataset, we disregard 325 pixels labelled as “Glasshouse” and
113 pixels labelled as “Tunnel” that have reflectance values lower than
1000 for Band 01. However, excavation sites characterized by high
reflectivity are still misclassified as protected agriculture (Fig. 6e and f).
By constraining the model with a highly detailed vector dataset of
agricultural lands (i.e. LWB), we can better exclude other land covers
that can be confused with protected agriculture, such as highly reflective
surfaces and roads (Fig. 6e—f against Fig. 6g-h).

3.3. Cross-validation of the training dataset

We quantify how well the model generalizes to a Swiss region and on
several MOY of one year not used for model training. For this, a model is
trained on all the labelled pixels in the UTM grid squares T32TLT and
T32TNT for 2019 and 2021. Then, it is validated on the UTM grid square
T32TMT using one product per month from February to November in
2020. We select products with a cloud cover percentage lower than 20%
according to SCL. This cloud filter reduces the number of available
T32TMT products from 113 to 31. Then, we keep the one product per
MOY that visually contain the least clouds over agricultural areas, and
we manually mask out remaining clouds from further analyses. For each
MOY, we randomly generate a maximum of 15 pixels per assigned land
cover from unique LWB polygons (to avoid repetitions), and manually
label them based on the array of images available (i.e., aerial, from
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Fig. 3. Dataset and OPAC development workflow.
We acquire Sentinel-2 L2A products. Bands reflec-
tance values are scaled between 0 and 10,000. We
resample bands spatial resolution to 20 m. We use
Sentinel-2 True Color Images at 10 m for visual in-
spection. We extract reflectance values and we
calculate indices; these constitute the model features.
We export into our dataset the features from selected
Sentinel-2 pixels and label them upon using the
available imagery sources. We disregard from the
dataset pixels with labels equal to “Tunnel” or
“Glasshouse” and reflectance values for Band 1
smaller than 1000. We train OPAC on the dataset and
we use it to classify Sentinel-2 products. We perform a
cross-validation of OPAC training on the dataset. We
carry out scenarios of spatial and temporal consis-
tency (results in the Supporting Information). With
focus on the monthly least clouded product for tile
T32TMT over the year 2020, we generate a stratified
sample with up to 15 point locations per classified
land cover, which are used for quantitatively vali-
dating the generalization of OPAC. We visually
compare the classified Sentinel-2 products against the
available imagery sources for a qualitative assess-
ment. Finally, the optimal model parameters are
chosen. We opportunely select and label as many
pixels as necessary until we satisfy the quantitative
and qualitative tests.
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Fig. 5. Reflectance (BOA reflectance x 10,000) of Band 1 (y-axis) grouped by month of the year (MOY) and land cover (x-axis). The different products (T30SWF,
T32TLT and T32TNT) are depicted with different colors. The horizontal grey line highlights the reflectance threshold at 1000.

Google and from Sentinel-2). For the random selection, we filter out
Sentinel-2 pixels that have a sum of the coefficient of variation (CV) for
the 10 m bands (Bands 2-4 and 8) larger than 20. This helps to avoid the
selection of mixed land covers and it is particularly useful if one works
with less detailed agricultural vector data (i.e., Corine).

Additional scenarios run to prove the consistency of the dataset over
space and time are detailed in the Supporting Information.

3.4. Assessment of the land cover assignments among classification
methods

We assess how pixels manually labelled in the scenario of Section 3.3
are classified by different methods: OPAC, APGI and SCL. OPAC and
APGI are both pixel-based methods. However, OPAC is built on the
Random Forest Machine Learning model and APGI is currently the best
performing index that requires a space- and time-specific threshold for
classification. A comparison with other published pixel-based classifi-
cation models for plasticulture mapping is hindered by the unavail-
ability of the corresponding training sets and trained models in public
repositories. SCL does not have a class for protected agriculture and it is

important to understand what classes are affected by protected agri-
culture (e.g., unaware users may consistently neglect these pixels in
their scopes when programmatically relying on the SCL cloud mask to
filter out clouds in Sentinel-2 L2A products).

3.5. Model generalization to other countries

As a transferability study, we run OPAC on Corine-delimited agri-
cultural lands on four products in the Mediterranean area (i.e., Greece,
Italy, Spain, Turkey), where plastic tunnels are widely used, and on one
product in a temperate climate (i.e., the Netherlands), where high-tech
greenhouses are common. We select products in which the Corine-
delimited area is visually cloud-free (but not according to SCL). These
include T30SWF in Spain on August 28th’ 2021, T33SVA in Italy on July
16th’ 2021, T35SLU in Crete on July 31st’ 2021, T35SQA in Turkey on
August 27th’ 2021 and T31UET in The Netherlands on September 7th’
2021. For classification using APGI, a Sentinel-2 product-specific
threshold must be defined. For this purpose, in each case study, we in-
crease the APGI threshold from 0.2 with steps of 0.01 until the area of
plastic greenhouses found by APGI matches the area of protected
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agriculture classified by OPAC. We depict the classification match, and
mismatch, between OPAC and APGI. That is, we distinguish pixels
where (i) both classifiers do not assign protected agriculture and where
(ii) both, (iii) OPAC but not APGI, (iv) APGI but not OPAC assign pro-
tected agriculture.

4. Results
4.1. Signature land covers and their evolution over time

We explore the spectral characteristics of the manually labelled
Sentinel-2 pixels (Section 3.2) to figure out the separability of the land
covers in Table 3. The spectral signatures of vegetated land cover classes
feature a maximum at near-infrared wavelengths that are representative
of biomass (red edge) (Fig. 7). The seasonal red edge of “Forest” is much
more prominent than for “Vegetated”; very likely, the latter land cover
encompasses summer and winter crops, which together cancel out the
effect of seasonality in biomass production. “Snow” reflectance signa-
tures vary with age and dust content. For these reasons, “Snow” has
smaller reflectance values for Bands 1-8 and higher values for Bands 11
and 12 in summer than in winter. The reflectance signature of “Water” is
generally characterized by low values and it changes with the type of
water body (i.e., alpine lake versus pond or alpine stream versus lowland
river), primary productivity and sediment transport (Odermatt and
Gege, 2022). “Shadow” is also characterized by low reflectance values;
we note higher values in the red edge spectrum representative of
biomass, which may be sensed although shadowed by clouds or other
obstacles like tall trees. “Baresoil” has a predominance in the short wave
infrared spectrum due to minerals, such as clay and carbonates (Rowan
and Mars, 2003). The land covers included in protected agriculture are
high-tech greenhouses (i.e., “Glasshouse™), plastic tunnels (i.e., “Tun-
nel”) and white plastic mulch (i.e, “Mulch_white”). The average signa-
ture of protected agriculture follows the typical pattern of the class
“Vegetated” but with higher reflectance for Bands 1-4 and lower
reflectance for Bands 5-8. This could be due to the brightness conferred
by white plastic and the presence of wavelength selective pigments in
the chemical composition of the cover (Mormile et al., 2017). Here, we
report for the first time the signature of high-tech greenhouses
(“Glasshouse”) captured by Sentinel-2. The signature of “Glasshouse” is

Baresoil [lGlasshouse [lTunnel [l Water
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Fig. 6. Comparison of two versions of OPAC con-
strained by Corine and LWB (boundaries of the
polygons as thin black lines), for a subset of T32TNT
on June 1st, 2019. Very high-resolution aerial photo
(a), CI from Sentinel-2 at 10 m (b), 20 m (c) and 60 m
(d). (e) Training with full dataset, run within Corine;
(f) training with filtered dataset, run within Corine.
(g) Training with full dataset, run within LWB; (f)
training with filtered dataset, run within LWB. Panels
(g) and (h) have fewer classified pixels because we
disregard agricultural parcels with an area smaller
than the model resolution to avoid mixed land covers
within a pixel (20 m x 20 m).

Resolution: 60 m

similar to the ones of “Tunnel” and “Mulch_white” but generally shifted
to lower reflectance values across all bands. Both “Tunnel” and “Glass-
house” can be characterized by substantially high reflectance across all
bands. This very likely corresponds to the use of shade covers to protect
the plants from intense sunlight as well as to reduce heat gain inside the
greenhouse. Among all classes, “Tunnel” shows the largest monthly
variability in reflectance. This may be attributed not only to the
phenology of the crop (Nemmaoui et al., 2018) but also to the material
used for different tunnels sampled in the same MOY (e.g., polyethylene,
polyvinyl carbonate, polycarbonate, etc.) as well as other properties and
practices that can affect optical properties of plastic greenhouses
(Mormile et al., 2017).

4.2. Cross-validation of the training dataset

The final training dataset is composed of 5151 labelled pixels from
the products T30SWF, T32TLT and T32TNT in the years 2019 and 2021
(Fig. 4). In the running version of OPAC, mtry is equal to 2, ntry is equal
to 200 and nodesize to 1. We find that a better training set rather than an
extensive hyper-parameter space tuning results in a more robust model.
The 5-fold cross-validation of the final dataset reveals a constant overall
accuracy of about 92-93% over the 5 runs. Fig. 8a depicts the confusion
matrix obtained from the 5 runs where we show the sum of the number
of matches between the labelled class (x-axis) and the predicted class (y-
axis) over the 5 runs. It highlights the number of matches among pairs of
classes normalized by the number of pixels within each labelled class.
Evidently, different classes of protected agriculture (i.e., “Mulch_white”,
“Tunnel” and “Glasshouse™) are likely to be misclassified among each
other. The poor performance in distinguishing among these classes is not
unexpected, given that their in-class spectral similarity is low in relation
to their across-class dissimilarity.

We plot the mean decrease in Gini coefficient that is one measure to
understand the feature importance for best splitting of the data at the
node. A high mean decrease in Gini coefficient indicates that the feature
is important. This is because the omission of the feature will result in
trees with nodes that contain elements of the dataset from multiple
labelled classes rather than a single one. In our research, the features
NDVI, NDWI, Band 1, Band 2 and NI are the most important five features
(Fig. 8b).
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Fig. 7. In the y-axis, we show the mean reflectance (BOA reflectance x 10,000) (filled circles) and the standard deviations (colored vertical bars) for each month of
the year (MOY; filling colors) shown sequentially for each band along the x-axis per land cover. Means and standard deviations consider all pixels used to train OPAC

(UTM grid squares T32TNT, T32TLT and T30SWF, and years 2019 and 2021).

The performance scores increase up to 98-99% when we group the
three classes of protected agriculture together. We calculate other per-
formance scores for a fair assessment of the model, especially when class
imbalances can play a role (Table 5). These scores in the confusion
matrix corroborate satisfying classification capabilities for all land
covers but the ones of protected agriculture, and it highlights misclas-
sification issues that can largely be related to spectral ambiguity. For

11

example, we know that both “Tunnel” and “Glasshouse” can have
similar spectral signatures, such as (i) high reflectance across bands
when measures are likely taken to reduce the incoming sunlight and (ii)
vegetation-like signature but brighter given the higher reflectance in
Bands 1-4. Accordingly, about 40% of all pixels labelled as glasshouses
were accidently classified as tunnels.
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Fig. 8. Classification accuracy and features importance analysis. (a) Confusion
matrix of the 5-fold validation on the final model. Numbers in the cells repre-
sent the number of matches between the labelled class (x-axis) and the pre-
dicted class (y-axis) over the 5 validation runs. The background color depicts
the number of matches normalized by column (i.e., the number of pixels per
each labelled class) over the 5 runs. (b) Mean decrease in Gini coefficient for the
features in OPAC.

Mean Decrease in Gini coefficient

4.3. Scenarios of spatial and temporal consistency

We assess to what extent the final dataset for Switzerland (obtained
from our final dataset, excluding labelled pixels from T30SWF on August
28, 2021 as justified in Section 3.3) can robustly classify an agricultural
area in a different region of Switzerland (T32TMT) and in the MOY of a
different year (2020) under the hypothesis that the model is sufficiently
trained over space (T32TLT and T32TNT) and time (2019 and 2021).
OPAC distinguishes between protected and open field agriculture and it
still suffers to separate the three classes of protected agriculture (i.e.,
“Glasshouse”, “Mulch_white” and “Tunnel”). In fact, the differences
between the overall accuracies calculated after grouping the three
classes of protected agriculture as one and the overall accuracies
calculated using each land cover separately can range from 11% (in May
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Table 5

Tabulated classification performance scores. The scores for the land cover in
bold “Protected agriculture” in the last row are recalculated after grouping
together the classes “Glasshouse”, “Mulch_white” and “Tunnel” in both the
labelled and predicted classes.

Land cover Precision  Recall  F1- Intersection-Over-
Score Union
“Baresoil" 0.96 0.98 0.97 0.94
“Forest" 0.84 0.75 0.79 0.66
“Glasshouse" 0.81 0.57 0.67 0.5
“Mulch_white" 0.74 0.6 0.66 0.49
“Shadow" 0.94 0.92 0.93 0.87
“Snow" 1 0.98 0.99 0.98
“Tunnel" 0.8 0.92 0.86 0.75
“Vegetated" 0.95 0.97 0.96 0.92
“Water" 0.98 0.98 0.98 0.95
“Protected 0.99 0.98 0.98 0.98
agriculture”

and August) up to 30% (in April). The overall accuracies for the months
of May and June are decreased by high misclassification rate between
“Water” and “Shadow”, which both appear as dark objects (low reflec-
tance across bands). By counting the number of pixels labelled as
“Mulch_white” in Fig. 9, it becomes evident that this land cover is pre-
dominant in March and April; this is expected because plastic mulch
serves to increase soil temperature and control weeds during the early
stage of crops growth, among other uses. After that, the growing crops
can hide the plastic mulch beneath from optical sensing. From June on,
we labelled a larger abundance of “Tunnel”; again, this is not a surprise
because plastic covers protect ripening fruits from adverse weather
conditions, such as summer storms and hail.

In this analysis, we encounter few interesting misclassification is-
sues, which we aim to address in future works. Rather than sampling
another pixel for manual labelling using the list of land covers in Table 3,
we assign new labels as specified in Section 3.2, which are: “Excava-
tion”, “NA” and “Soil_next”. This approach reveals cases where the
model can fail. “Excavation” indicates the occurrence of construction
works in the agricultural parcels, which are clear in the aerial photos and
looking as very bright surfaces in Sentinel-2 TCI. Given the high
reflectivity, very likely due to high dryness of the bright soil, these pixels
are often misclassified as “Glasshouse” or “Mulch_white” rather than
“Baresoil”. The class “NA” indicates that from the available aerial photos
and the 10 m resolution Sentinel-2 TCI it is not possible to confidently
label the pixel. Rather than sampling another point in this case, we keep
this information to stress the importance of very high-resolution images
or ground truth observations for accurately labelling a land cover.
“Soil_next” is a crucial class for validation purposes as it indicates the
relevance of the spatial resolution of Band 1 for mapping protected
agriculture. This label indicates pixels of bare soil or of low and sparse
vegetation within 3 pixels distance from surfaces highly reflective in
Band 1 (the resolution of Band 1 is 60 m and we are using a 20 m pixel
resolution). Therefore, surfaces that are highly reflective in Band 1 can
lead to the misclassification of nearby pixels. In addition, low- and high-
tech greenhouses can be realized with water retention ponds to store
rainfall water intercepted by the greenhouse roof. The presence of water
storages next to plastic greenhouses would contribute to the mixed land
cover within a pixel issue.

4.4. Comparison among classification methods

We describe in detail the validation of the classification output by
OPAC against our manually labelled pixels for T32TMT in 2020 in the
previous section. Here, we use alluvial plots to investigate how the
different classification methods label the same pixels (Fig. 10). We use
this approach to understand the information flow keeping in mind that
OPAC, APGI and SCL have different classes. In particular, SCL does not
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OA in March = 62-77%

OA in April = 64-94%
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Fig. 9. Confusion matrices for each month of the year
resulting from the validation of OPAC generalized to
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have a class for protected agriculture. We find that SCL flags protected
agriculture as UNCLASSIFIED, NOT VEGETATED, CLOUD_HIGH -
PROBABILITY, CLOUD_MEDIUM_PROBABILITY, and, to a small extent,
VEGETATION. OPAC and SCL have similar classes for vegetated and
bare areas. “Excavation” is mostly related to NOT_VEGETATED areas
but also to UNCLASSIFIED and cloud-related classes; this corroborates
the difficult classification of such highly reflective bare surfaces.
“Soil_next” relates to “Vegetated” and NOT_VEGETATED classes and in
one instance it is related to cloud-related classes. The APGI is sufficiently
capable of distinguishing between non-plastic surfaces and plastic
agriculture. We find that it is able to capture a large percentage of
“Tunnel” but less capable to map “Glasshouse” and “Mulch_white”.
When we focus on the product T32TMT on August 9, 2020 (Fig. 10b)
rather than year-long data, SCL flags protected agriculture as clouds and
not vegetated areas or cannot classify the pixel. The APGI shows an
improvement in the mapping of high-tech greenhouses and plastic
mulch but it still misclassifies about 30% of pixels covered with plastic
tunnels as in Fig. 10a. This improvement can be explained by the fact
that the APGI needs a time-specific threshold for mapping plastic
greenhouse, and the value of 0.41 used here, was determined for the
Mediterranean climate for summer by Zhang et al. (2022).

4.5. Qualitative results: generalization to other countries

The overarching goal of land cover classification models is to be
robust, so that they can be generalized at the country-, continental- and
eventually the global-scale. Here, we visualize how OPAC and APGI
perform in the Corine-delimited agricultural areas of other North- and
South- European UTM grid squares (as explained in Section 3.5).

In Spain (T30SWF), on August 28th’ 2021 (20210828), it is
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impossible to visually recognize the plastic greenhouses from Sentinel-2
TCI even at 10 m resolution due to the very high brightness of the sur-
faces, while large water reservoirs are distinguishable, and sometimes,
the smaller water storages can be seen among the bright surfaces
(Fig. 11a). Other non-agricultural soils or bare soils can be more or less
easily recognized in the image. Most of the area is classified as protected
agriculture by OPAC and 93% of these pixels are mapped as plastic
greenhouses by APGI using a threshold of 0.28 (light blue pixels in
Fig. 11b). This calculated threshold for APGI satisfies the condition that
APGI maps an equivalent extent of plastic greenhouses as OPAC did for
protected agriculture. OPAC maps additional pixels as protected agri-
culture in the area (red pixels) as well as APGI does for plastic green-
houses (yellow pixels); also, OPAC and APGI classifies pixels as not
covered by protected agriculture or plastic greenhouses, respectively
(grey pixels). To what extent OPAC and APGI are correct or not are
assessed using the clear very high-resolution imagery from Google, with
some uncertainty due to the asynchrony in the acquisition dates
(Fig. 11c). OPAC misclassifies the small water storages as protected
agriculture (sparse red single pixels among the light blue ones in the
South of the shown area) as well as roads (the whole extent of the
generated raster data are available in the online repository). In contrast,
APGI classifies what look like bare soils as plastic greenhouses. Yet, a
threshold of 0.41 rather than 0.28 was suggested by Zhang et al. (2022)
for this Spanish region, which would result in: (1) a lower match be-
tween the two classifiers (less light blue pixels and more red pixels), (2) a
decrease in the number of yellow pixels unless other currently mapped
pixels as non plastic greenhouses will be classified as greenhouses.

In the Netherlands (T31UET), on September 9th’ 2021 (20210907),
the Sentinel-2 image shows several districts of high-tech greenhouses
intertwined by canals, residential areas (Fig. 11d). In the East of the
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Fig. 10. Alluvial plot showing the classification flow of
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studied area, one could see intense light coming from a greenhouse,
which may be due to some agro-management practices, such as soil
disinfection by means of pyrolysis. Here OPAC accurately identifies
more greenhouses as compared to APGI (Fig. 11e) (the calculated
threshold and the match between the two classifiers is reported in
Table 6). However, also APGI maps few additional greenhouses that
OPAC does not, like in the South of the area. In these few cases, our
previous version of a random forest model trained on the unfiltered
dataset (including pixels with reflectance in Band 1 smaller than 1000)
was able to classify these pixels as protected agriculture. Overall, it re-
sults that APGI is capable to map to some extent not only plastic tunnels
but also high-tech greenhouses, which has not been demonstrated
before.

In Italy (T33SVA on July 16th’ 2021), Crete (T35SLU on July 31st’
2021) and Turkey (T35SQA on August 27th’ 2021), the landscape
observed through Sentinel-2 look similar to the one described for Spain
(Fig. 11, panels g, j, m compared to panel a). However, the APGI
threshold almost doubles for these Sentinel-2 products as compared to
the one for Spain on August 28th’ 2021, going from 0.28 up to 0.56
(Table 6). Moreover, the area mapped as plastic greenhouses by APGI
ranges from 63% to 74% of the area classified as protected agriculture by
OPAC (Table 6). Visually, OPAC can clearly detect more plastic green-
houses than APGI upon using the calculated thresholds. Interestingly,
the highest number of yellow pixels (plastic greenhouses according to
APGI only) are found in Crete (Fig. 11k), which appear to correspond to
bare soils according to the Google imagery. Local knowledge would be
needed to understand this classification output in order to improve the
robustness of APGI.
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5. Discussion

5.1. Relevance of reflectance value at wavelengths below 490 nm for
protected agriculture mapping

OPAC is capable to classify multiple land covers from single Sentinel-
2 products. Lands covered by open field or protected agriculture can be
distinguished to a great extent thank to the aerosol band (Band 1) upon
using a threshold of 1000. Indeed, Zhang et al. (2022) exploited Band 1
to develop the most recent index for mapping plastic greenhouses.
However, the lower resolution of this band compared to the other ones
(60 m against 10-20 m) hinders the full exploitability of this band in the
highly spatially fragmented agricultural landscapes. In fact, a single
plastic greenhouse can extend up to 100 m in length but typically only
10 m in width, although they could be attached side-by-side in some
cases. Though, it is not clear, from a material science point of view, why
this band is crucial for this mapping application. Zhou et al. (2022) carry
out an in-depth investigation of the hyperspectral fingerprint of plastic
greenhouses in the wavelength range from 970 nm to 2500 nm. That
approach follows the statement by Schwanninger et al. (2011) that being
plastics a byproduct of petroleum, its diagnostic absorption features are
mainly observed in the SWIR region across the optical spectrum. In our
research, we found that expanding the analysis of hyperspectral signa-
tures down to 400 nm could be a promising area of investigation for
improving the detection of plastics from satellites. However, we noted
that some pixels belonging to “Tunnel” and “Glasshouse” have a
reflectance in Band 1 lower than 1000. This is investigated to a small
extent given the lack of ground-truth data. From Google Street View
images, we noted that some bright structures from Sentinel-2 TCI and
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Fig. 11. Zoomed in visualization of the generaliza-

1km no PA . PA . PA_OPAC PA APGI tion assessment. Left panels: Sentinel-2 TCI at 10 m
pixel resolution. Centre panels: comparison of the

. mapping of protected agriculture (PA) by OPAC (i.e.,
Sentinel-2 (10 m) Google Earth Pro (< 3 m) merging “Glasshouse”, “Mulch_white” and “Tunnel”)

OPAC (20 m)

and plastic greenhouses by APGI using a Sentinel-2
product-specific threshold (reported in Table 6).
“no_PA” indicates that OPAC does not predict PA and
APGI does not map greenhouses, “PA” refers to OPAC
predicting PA and APGI mapping greenhouses,
“PA_OPAC” shows when OPAC predicts PA but OPAC
does not map greenhouses and “PA_APGI” vice versa.
Right panels: Google Earth Pro TCI at <3 m pixel
resolution. We showed TCI of Sentinel-2 and Google
Earth Pro because the latter were taken in a different
date than the former.
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Table 6

For the Sentinel-2 products used in the generalization assessment, we report the
calculated APGI threshold, which satisfies the condition that APGI maps an
equivalent extent of plastic greenhouses as OPAC did for protected agriculture,
and the corresponding percentage of pixels classified as plastic greenhouses by
APGI over those mapped as protected agriculture by OPAC.

Product (UTM grid Calculated APGI Pixels classified as plastic greenhouses
square and date) threshold by APGI over those mapped as
protected agriculture by OPAC (%)
T30SWF — 0.28 93.7
20210828

T31UET-20210907  0.31 73.9

T33SVA -20210716 0.46 63.1

T35SLU - 20210731 0.56 65.9

T35SQA - 20210827  0.52 74.6
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aerial ortho-photos are actually shade nets and insect nets. When no
recent images are available, site inspections (at a good timing) would be
relevant to understand whether the lower values for Band 1 are due to
mixed responses affected by adjacent different land covers or to the
plastic material covering the vegetation. Yet, in order to avoid frequent
and widespread site visits, it is crucial to establish cooperative frame-
works with “entrepreneurial” farmers for learning on the management
of the structures used in protected agriculture and on the observed
spectral signature by Sentinel-2 or similar missions, such as Landsat 8-9.

5.2. Classification constrained on agricultural lands to limit
misclassification issues

OPAC is constrained on cloud-free agricultural lands only. This
approach is advantageous because it allows for narrowing down the
classification task on a smaller area, thus being less time-demanding and
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less computationally-intensive. The approach is also found to be a ne-
cessity considering that clouds, potentially present anywhere, were
mapped by both OPAC and APGI as protected agriculture given their
high reflectance across bands. Fresh snow is not really a problem for
OPAC given its high reflectance for Bands 1-8 contrasted by the low
reflectance for Bands 11-12; though, patches of land partially covered
with snow and vegetation can raise misclassification issues due to the
mix of biomass on a highly reflective ground. We find that available
cloud and snow masks implemented in the SNAP toolbox misclassify
protected agriculture. Therefore, clouds and patches of snow from
Sentinel-2 products in the south of Switzerland are being manually
masked out in order to complete the Swiss map of protected agriculture.
Brown et al. (2022) implement a workflow exploiting a new cloud mask
and a time series analysis to produce the “Dynamic World” product in
the Google Earth Engine. This product has a class for “Snow and ice” but
not for “Clouds”. It does not have a class for “Protected agriculture”
neither and the pixels falling in this category are classified as “Built” or
“Bare”. Scientific exchanges with the authors will reveal which step of
the workflow led to this classification result, thus identifying the way
forward for reducing current misclassification issues due to clouds. Bare
soils with high reflectance for Bands 2—4 are also challenging for OPAC.
In Switzerland, these cases (based on 10 cm resolution aerial
ortho-photos) refer to excavation sites, parcels close to alpine streams
covered with fine alluvial sediments or very dry agricultural soils.
Lithologic mapping is supported by measurements in the Very Near
Infra-Red, Short Wave Infra-Red and Thermal Infra-Red wavelength
regions remotely sensed using the Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER) (Rowan and Mars, 2003).
It might be that from 2030 three Landsat Next satellites will deliver
freely available multispectral data covering the wavelengths of
Sentinel-2 and ASTER. Tests would be needed to understand whether
this upcoming possibility could improve the separability of highly
reflective bare soils from protected agriculture covers. Outside the
proper agricultural land, the presence or not of vegetation in pixels
imaging very reflective materials such as bright roads and roofs among
others, again lead to misclassification issues. This aspect leads to the
advantage of having a detailed mapping of agricultural lands (LWB
compared to Corine).

Detailed reporting has advantages in the sense that it provides
already all the necessary georeferenced information independently from
remotely sensed data and detrimental weather conditions. One can also
use this yearly (at best) information to avoid the computationally
intensive task of image segmentation. However, detailed reporting can
be affected by few limitations. For example, rather than crop rotations,
only one crop is typically reported per year. Moreover, farmers may
grow multiple crops with different seasonality and spectral signatures
within their parcels. We face these limitations in our research and
similar experiences are shared by Croci et al. (2022). More importantly,
yearly reporting systems are not suitable for frequent near real-time land
cover mapping, with the latter being enormously beneficial for envi-
ronmental monitoring and modelling. There, Sentinel-2 finds its
advantage and it is possible that a new generation of sensors with higher
spatial resolution or measuring at optimal wavelengths for plastic
mapping will allow for automated detection of protected agriculture.
This latter data layer can be exploited for pinpointing the sources of
agricultural plastic as well as improve the conceptualization of transport
processes of agricultural contaminants at the catchment scale (la Cecilia
et al., 2021).

5.3. Dataset development and pixel-based random forest model choice

We put effort in developing a comprehensive dataset, for a super-
vised classifier (i.e., random forest), that is class balanced, representa-
tive of the target classes and large enough for the model dimension
(Belgiu and Dragut, 2016). In Section 5.1, we already discussed the
important role of Band 1 and spatial accuracy for plastic greenhouse

16

ISPRS Open Journal of Photogrammetry and Remote Sensing 8 (2023) 100033

mapping. In addition, the dataset spans different locations over four
seasons for two years, which allowed us to capture spatial and temporal
changes of protected agriculture multispectral signatures. For example,
in summer protected agriculture boosts crops yield at their maximum in
warm climates (northern Europe), where the mix between high reflec-
tance values in the RGB colors (Band 4, 3 and 2 of Sentinel-2) and the
clear vegetation signature result in highly certain classification out-
comes. In contrast, in hot climates (Mediterranean areas) farmers may
have to white-paint the greenhouse roof or leave the soil rests, thus
losing the vegetation spectra and possibly creating misclassification is-
sues with synthetic materials or highly reflective bare soils. In winter,
protected agriculture cannot always be economically sustainable in cool
climates (northern Europe) due to the need of electricity to lighting and
heating the greenhouse. The opposite is true in warm climates (Medi-
terranean areas) where the greenhouse suffice to create a favorable
environment for crops growth. The sampling design influences the
random forest model, and therefore, it is best practice to develop the
model on comprehensive datasets (Belgiu and Dragut, 2016).

A random forest model is easy to develop, is ideal for dealing with the
nonlinearity of variables and manages multisource and high-
dimensional data (Belgiu and Dragut, 2016). A random forest model
requires the optimization of few comprehendible parameters as
compared to other machine-learning approaches, such as support vector
machine (Mountrakis et al., 2011; Pal, 2005). Importantly, random
forest generally achieves comparable or higher overall classification
accuracies than such state-of-the-art approaches (few summarized in
Table 1). The capability to deal with nonlinearity of variables is ad-
vantageous as compared to spectral index-based classification methods.
These methods rely on selected threshold values, which are not homo-
geneous in space and time, as shown in Table 6 for the APGI. The
compatibility with multisource and high-dimensional data allows for
exploiting additional relevant information and state-of-the-art sensors
for plastic greenhouse mapping. The acquisition of ASTRIS data fused
with Sentinel-2 data may highlight the capability to better distinguish
bare lands from protected agriculture. This is a valid test given that the
future Landsat Next will integrate the two sources of information in a
single measurement. The availability of synchronous measurements
might return more accurate land cover classes. Indeed, agricultural land
management and meteorological conditions can change the land cover
spectra in a matter of hours (rowing, irrigating, harvesting,
light-shading, etc).

The high-quality dataset and the advantages of random forest
resulted in accurate classified maps in our study. The maps are achieved
at high speed considering our choice to develop a pixel-based analysis.
These accuracies are comparable with the ones attainable including the
time- and computationally-consuming step of object-based image anal-
ysis. The latter analysis requires expert knowledge and very high-
resolution images to retrieve textural properties of objects that can be
used as model features. An object-based image analysis of our research
sites is out of scope given that we achieved high accuracies already.
Thus, we cannot compare the two approaches here. However, recent
studies report misclassification of plastic greenhouses with artificial
surfaces in heterogeneous region even after the application of an object-
based image analysis (Balcik et al., 2020; Novelli et al., 2016). Gislason
et al. (2006) reveal the importance of elevation for land cover classifi-
cation of natural areas among other topographic variables including
slope and aspect. However, the use of terrain features for mapping
protected agriculture may limit the widespread applicability of the
model. Inherently, protected agriculture alters the local, potentially
unfit, environment to benefit plant growth. Yet, a training dataset with
site-specific topographic patterns would affect the model output accu-
racy upon generalization. Our research sites involve very different
environmental backgrounds and arrangement of the agricultural land-
scape, which lead to complex scenes aggregated in often hard to un-
derstand images (Marceau et al., 1994). Specifically to the limitations of
OPAC encountered outside of agricultural areas, not even an
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object-based image analysis could avoid the misclassification with roads
and bare lands in SPOT-7 images and some bare land surfaces in
Sentinel-2 (Balcik et al., 2020).

6. Conclusions

Land cover classification is relevant for driving efficient and effective
environmental monitoring as well as sustainable policies. Here, we train
and validate a random forest-based land cover classifier, OPAC, for
mapping open field as well as protected agriculture across different
geographical landscapes and throughout two years in order to include
spatial heterogeneities and seasonality patterns.

OPAC can supersede other classifiers of plastic greenhouses claimed
to be generalizable at continental scales thank to its simplicity, fastness,
multi-label land cover classification capability (overall accuracy of 98%
and Intersection Over Union of 0.98 for predicting protected agriculture
considered as a unique class in the Swiss agricultural landscape during
cross-validation of the labelled dataset). Our qualitative tests in other
countries show a positive outlook for mapping protected agriculture
where the agricultural landscape is spatially defined (i.e, in Europe
thank to Corine). We anticipate that the main issues for continental scale
mapping of protected agriculture regard the availability of open access
cloud-free Sentinel-2 data as input and the availability of validation
points. To promote the improvement of OPAC as well as a fast mapping
of protected agriculture, we make our innovative dataset (complete with
annotations) open access so that users can (i) edit it, (ii) expand it and
(iii) train any land cover classification model, which exploits the
wavelengths measured by Sentinel-2, in any programming language.

The robust classification of protected agriculture using freely avail-
able satellite imagery remains a daunting task, subject to misclassifica-
tion issues, which are mostly due to the lack of a better spatial resolution
in the spectrum of wavelengths smaller than 490 nm. In order to
advance this application of remote sensing further, we foresee to follow
two directions. First, we plan to acquire very high resolution aerial
hyperspectral data over protected agriculture to elucidate its spectral
signature so as to recommend the most suitable sensors for mapping
greenhouses at wavelengths down to 400 nm. Second, we realized how
valuable are very high-resolution RGB imagery to gain more insights on
the studied areas; however, users would face the management of high
volumes of data possibly with different acquisition dates from Sentinel-
2. Therefore, even more beneficial and practical, we envisage establish a
collaborative framework for sharing ground truth data across research
institutions and relevant stakeholders. Collaborations will allow for
coping with the dynamicity of the agricultural landscape and for
compiling validation points in a structured manner.

Data linking

The training set used to develop OPAC and the classification maps
used in this research as well as other supporting material will be avail-
able through the Eawag data repository ERIC at https://opendata.eawag
.ch/group under the project folder “NAWA-Flowpath” to ensure that
these data are FAIR: Findable, Accessible, Interoperable and
Reproducible.
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