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Abstract

The Alto Douro Wine region holds the distinction of being a UNESCO World Heritage Site,
known for its traditional vineyard terraces that contribute to its cultural significance. These
terraces, engineered to support vine cultivation on the challenging slopes of the Douro
valley, were affected by the Phylloxera pest outbreak in the 19th century, resulting in terrace

reconstructions for disease control.

Preserving this cultural landscape requires periodic evaluations of the terraces, but current
manual field assessments are time-consuming, costly, and prone to errors, leading to
infrequent updates. To address these challenges, this dissertation studies alternative
approaches using multispectral and SAR satellite imagery, and machine learning to detect
and identify vineyards within the terraces, aiming to reduce costs and increase assessment

frequency.

The study begins with a review of remote sensing and satellite imaging technologies,
followed by a literature review on similar applications and techniques. Data acquisition
details are provided, and three segmentation methodologies are explored: band indices,
traditional machine learning (support vector machines and random forests) and deep learning

(convolutional neural networks).

The deep learning approach, particularly the modified DeepLabV3 model with the ResNet-
101 backbone yields the most promising results, despite generalization limitations.
Combining the segmented vineyard mask with a slope mask derived from SAR altimetry
data increases confidence in identifying vineyards within terraces, offering rough

estimations on possible locations of vineyard terraces in the Douro region.

In conclusion, this study presents an alternative and cost-effective approach to preserve the
heritage landscape of the Alto Douro Wine region. By leveraging satellite imagery and
machine learning, it offers a practical and preliminary means for periodic evaluations,

supporting the sustainable conservation of this culturally significant region.

Keywords: Machine learning, Deep learning, Remote sensing, Earth Observation, Alto

Douro Vineyard



Resumo

A regido do Alto Douro Vinhateiro tem a distin¢do de ser Patrimonio Mundial da UNESCO,
conhecida pelos seus socalcos tradicionais de vinha que contribuem para a sua significancia
cultural. Estes socalcos, concebidos para suportar o cultivo das vinhas nas encostas do
Douro, foram afetados pelo surto da praga filoxera no século XIX, resultando na

reconstrucdo dos socalcos para controlo da doenca.

A preservacao desta paisagem cultural exige avaliacGes periddicas dos socalcos, contudo as
atuais avaliagbes manuais no terreno sdo demoradas, dispendiosas e propensas a erros, o que
leva a atualizagOes pouco frequentes. Para responder a estes desafios, esta dissertagéo estuda
abordagens alternativas utilizando imagens de satélite multiespectrais e SAR, e ainda
diferentes técnicas de machine learning para detetar e identificar vinhas nos socalcos, com

0 objetivo de reduzir os custos e aumentar a frequéncia destas avaliages.

O estudo comega com uma revisao das tecnologias de detecdo remota e de imagens de
satélite, seguida de uma revisdo da literatura sobre aplicacdes e técnicas semelhantes. E
explicada a aquisicdo dos dados e séo exploradas trés metodologias de segmentacéo: indices
através de combinacdes de bandas, machine learning tradicional (support vector machines

e random forests) e ainda deep learning (redes neurais convolucionais).

A abordagem de deep learning, em particular o modelo DeepLabV3 modificado com a
backbone ResNet-101, produz os resultados mais promissores, apesar das limitacOes de
generalizacdo. A combinacdo da mascara da vinha segmentada com a mascara de declive
derivada de dados altimétricos SAR aumenta a confianca na identificacdo de vinhas em

socalcos, oferecendo estimativas sobre possiveis localiza¢Ges de socalcos de vinha na regido.

Em suma, este estudo apresenta uma abordagem alternativa para promover a preservagéo da
paisagem patrimonial da regido do Alto Douro Vinhateiro. Ao utilizar imagens de satélite e
machine learning, é criado um meio pratico para realizar avaliagdes periddicas preliminares,

apoiando a conservacao sustentavel desta regido com elevado interesse cultural.

Vi
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Vineyard Terrace Segmentation in the Douro Region Based on Satellite Imagery

1. Introduction

The traditional vineyard terraces present in the landscape of the Alto Douro Wine Region
(ADV) are a World Heritage Site designated by UNESCO for its cultural landscape
significance (UNESCO, 2001).

Although this region around the Douro valley provides beautiful views that attract tourists
every year, these man-made structures were not built with the purpose of elegance. To
cultivate the vines in the steep, rocky slopes of the Douro valley and its tributaries, the
designed solution was to build terraces, using schist walls to support the land (Aguiar, 2002).

With a careful analysis of the organization of vineyards within each terrace, two predominant
vineyard terrace configurations emerge. These different configurations are attributed to an
infestation by a pest that greatly impacted the global wine industry, particularly in Europe,
at the end of the 19" century: the Phylloxera. Phylloxera is an insect pest that attacks the
roots of grapevine species, which decimated several vineyards in the late 19™" century, with
great impact in the Douro vineyard region (Martins, 1991). Consequently, some of the Douro
terraces had to be fully reconstructed as regularly shaped, long continuous lines, as to

mitigate the propagation of this disease.

The pre-phylloxera terraces are generally horizontal, bearing one or two vine lines, whereas
the post-phylloxera terraces were optimized, having a slight slope that provides more
sunlight exposure to the vineyards, with wider and continuous terraces supported by taller
walls (Carlos, et al., 2021).

Although this wine region had its boundaries delineated in 1756, making it one of the first
delineated wine regions in the world (Lourengo-Gomes, Pinto, & Rebelo, 2015), wine has
been produced in the region for over 2000 years (UNESCO, 2001).

To assure the preservation of this landscape heritage, periodic evaluations must be
performed, assessing the areas that may have suffered any alterations, and checking for sites

where maintenance of the terraces and its supporting walls is needed.

Currently, these evaluations are performed periodically in the field, where workers manually
measure and estimate the preservation of the walls and terraces that support the vineyards.

Such processes are prone to errors and deviations from the real values, providing low
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confidence results, due to the nature of the respective measurement processes. Not only that,
but this type of process requires a significant budget, considering the area covered by the
cultural heritage site, the necessary human resources, and the periodicity of the implicit

studies. This process also entails a significant time investment before yielding results.

Considering the aforementioned facts and the limited funding provided by UNESCO for
such studies, it is reasonable to anticipate substantial intervals between these research
initiatives. Prior to the publication of this dissertation, the most recent study was conducted
in 2015 (UNESCO) and was performed in limited regions of the whole heritage site. It is
also relevant to mention that the periodicity of the conducted studies is not constant, meaning

that it is not possible to anticipate when the next study will be released.

In this dissertation, we propose an alternative approach to assess the preservation of this
heritage landscape, by using multispectral and SAR satellite images of the site combined
with machine learning techniques to detect and identify vineyards located within these
terraces, and also measure the perimeter and area occupied by them. If successful, with this
process, it is expected that the costs of assessing the preservation of the landscape and the
time it takes to perform these assessments will be reduced, and the periodicity of terrain

evaluations be performed more regularly.

We start by shortly reviewing the background knowledge, Chapter 2, that enables the reader
to comprehend and follow the developed work, where context is provided as to where and
why remote sensing satellites originated, and also succinctly explain other relevant topics
for this dissertation including remote sensing, Earth Observation (EO) and satellite imaging
technologies. In addition, a literature review on similar studies will be conducted in the same
chapter, describing developed work with equivalent applications, methods used in those

analysis and the state-of-the-art techniques used in the field.

In Chapter 3, the data acquisition process will be outlined, illustrating where and how the

data used for this study was obtained, and the platforms used for this purpose.

Moving on to the methodology, we will firstly turn our attention to segmentation using band
indices, Chapter 4, where a study of the best combination of bands to enhance vineyard-like
spectral signature features will be performed, as to assess the efficiency of such methodology

to segment vineyard regions.
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In Chapter 5 the data preprocessing techniques and Exploratory Data Analysis (EDA) for
the later machine learning tasks will be described, also thoroughly explaining the python
package developed during the progress of this dissertation, with the purpose of preprocessing

Sentinel-2 imagery for machine learning tasks.

After, in Chapter 6, we define the metrics that will be used to study the performance of the
developed models, according to related segmentation articles and also considering the

applications of our study.

Another methodology that will be studied is segmentation employing traditional machine
learning techniques, Chapter 7, where support vector machines (SVM) and random forest
(RF) algorithms will be tested, and conclusions about their predictive capabilities,
computational requirements, and overall models training time discussed, based on the

obtained results.

On the last chapter of the methodologies studied for segmenting vineyard regions on this
dissertation, Chapter 8, the segmentation of vineyard features will be implemented with deep
learning techniques, respectively convolutional neural networks. In this chapter, various
models based on DeepLabV3 with a ResNet101 backbone will be analysed, and their metrics

evaluated and compared. In the end, choosing the model with the best performance.

After generating the segmented mask obtained from the selected model, from the previous
methodologies, that outperforms all the others, it will then be overlapped and intersected
with a slope mask derived from a digital elevation model (DEM), Chapter 9, in order to filter
out vineyards that are not contained in regions with steep geological characteristics, thereby

ensuring a strong certainty that the vineyards are contained within terraces.

Finally, in Chapter 10, a discussion about each of the methodologies’ results, with a focus
on the best performing one will be made, highlighting the possible improvements that could
be made to address the flaws observed in them. Within the same chapter, we will present the
conclusions reached within the developed study, also acknowledging potential future
implementations that could enhance the content's quality and facilitate the advancement of

similar research.
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2. Background Knowledge & Literature Review

For a better understanding of the contextual framework within this dissertation, some
important concepts will be reviewed in the first part of this chapter. From the history of
satellite imagery and the basics of remote sensing to GIS software tools and band indices. In
short, the most relevant subjects in geospatial analysis that should be of prior knowledge
before any work gets implemented will be reviewed and discussed in this chapter. We will

then proceed to review the literature on topics related to the ones studied in this dissertation.

2.1.Satellite imagery history

2.1.1. History of Earth Observation satellite imagery
Prior to exploring the European Earth Observation satellite history, which will be a relevant
subject of study in this dissertation, there are some global historic facts that should be

considered in order to better grasp the origin of EO satellites on a global scale.

EO can be described as “the gathering of information about planet Earth’s physical, chemical
and biological systems via remote sensing technologies, usually involving satellites carrying

imaging devices” (EU Science Hub, 2023).

The first satellite image of Earth was produced on August 14, 1959, by Explorer 6 (Hahn,
2009), a NASA satellite, and is presented on Figure 1.

Figure 1 - First satellite image, adapted from (Internet Archive,
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Figure 1 marked a major milestone for human history in satellite imagery. After this satellite,
more satellites from the same and different programs were launched with the similar goal of
satellite imaging and EO, including the CORONA, LandSat-1 and many others, with the

respective quality and volume of the data becoming increasingly higher.

Despite the first image being credited to the United States of America, it was the Soviet
Union’s Sputnik 1, launched in 1957, that heralded the era of satellite remote sensing (Tatem,
Goetz, & Hay, 2008). The dispute between these two nations during the cold war fomented
a race for knowledge and technological upper hand in respect to the other nation. Regardless
of the obvious atrocious reasons of this war, it unquestionably brought useful improvements
and developments in people’s lives, with a special emphasis in technology, which also
positively impacted the technological advancement of satellites.

2.1.2. History of European Earth Observation satellite imagery
Although the first efforts towards a better observation of Earth with satellites were made by
nations such as the United States of America and the former Soviet Union, other nations

soon followed with their own research for tools to monitor our planet.

It was on the 17" of July 1991 that the first European satellite for EO was launched into
space from an Ariane 4 launch vehicle: the European Remote-Sensing ERS-1 Satellite. The
ERS was a program of the European Space Agency (ESA) composed of two missions: ERS-
1 and ERS-2, which had a Sun-synchronous polar-orbit, and together observed the Earth for
20 years (ESA, 2022), when they only had an expected 3-year life span.

The main goal of the ERS program was to provide microwave spectrum-based
environmental monitoring (ESA, 2022), resorting to several instruments such as a synthetic
aperture radar (SAR) for 2D spectra of ocean surface waves, a radar altimeter (RA) to
perform altimetry and wind speed tasks on ocean and ice surfaces, and other useful

instruments for EO.

During the period when the two satellites were operating simultaneously, achieving the same
desired mission objectives, i.e., in a tandem mission, a new radar technique at the time was
tested: interferometry. Interferometry is the technique of collecting two or more samples of
data (images) with the exact same geolocation and superimposing them, which creates an
interferogram. These can be used to measure changes in land surface elevation at a

millimetre scale, or just to measure surface elevation, depending on the used configuration.
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Envisat was the successor to the ERS, which was launched on the 1 of March 2002, and it
was the largest EO satellite until then. Its main goal was to provide continuity for the ERS
program, with improvements to the measurements, and enhanced capabilities for remote
sensing observation of Earth (ESA, 2022). This satellite was also equipped with a
programmable spectrometer, the Medium Resolution Imaging Spectrometer (MERIS),
which provided scientists with coloured images of our planet.

As time passed and previous missions life span’s getting shorter, with some missions already
retired, there came a need to develop a new program of satellites in order to replace the
previous ones, so as to provide continuity of data. These series of new-generation EO
missions are called Sentinel and are part of the Copernicus programme, with the first satellite
(Sentinel-1A), belonging to the Sentinel-1 mission, launched in April 2014 (ESA, 2022).

To this day, the Copernicus programme comprises 7 Sentinel missions: Sentinel-1, Sentinel-
2, Sentinel-3, Sentinel-4, Sentinel-5, Sentinel-5P and Sentinel-6. For this study, only

imagery from the Sentinel-2 mission was used.

Unlike the common misconception, Sentinel missions are not ordered by technologic
evolution, but rather by mission objectives, i.e., the Sentinel-2 mission is not an upgrade of
the Sentinel-1 mission, but rather a mission with a different scope, with satellites built with
different technologies to study different planetary and atmospheric properties.

2.2.Remote Sensing

A good and general definition of remote sensing in the context of EO studies is provided by
Oxford Languages (2022), stating that remote sensing is “the scanning of the Earth by
satellite or high-flying aircraft in order to obtain information about it”. This means that both
satellites and high-flying aircraft such as unmanned aircraft vehicles (UAV’s) can be used

for remote sensing applications.

For the purpose of detecting vineyard terraces, remote sensing techniques will be utilized,
meaning that we will use various types of bands from passive sensor imagery, and through
the difference between spectral signatures of the different materials present in the surface of
the Earth, we hope to better assess the regions where vineyard plantations are located, which
then will be intersected with active sensor imagery to extract the ones contained within

terraces.
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In Chapter 3, different types of remote sensing satellites used for EO studies will be

discussed, and also which ones we will be using for this dissertation.

2.3.Satellite imaging technologies

There are different types of technologies in satellites for imaging purposes, that largely

depend on the scope of the study each satellite is going to perform throughout its lifespan.

There are two main types of satellite instruments for remote sensing imagery:

Passive Sensors, which are microwave instruments that were designed for receiving
and measuring natural emissions produced and reflected by Earth and its atmosphere.
These types of sensors can employ multispectral and hyperspectral instruments that
create images useful in identifying different features of our planet, by using bands of
the electromagnetic (EM) spectrum individually or combining them with the purpose
of emphasizing desired features.

There are different types of sensors to capture a different number of spectral bands
with shorter or larger bandwidths in the EM spectrum. There is no clearly defined
number of bands that separates a multispectral from a hyperspectral image, but
typically multispectral images contain 2 to dozens of bands with relatively large
bandwidths and hyperspectral images can contain hundreds and even thousands of
bands with narrower bandwidths. What can be used to differentiate these two sensors
is the type of technology used in each, which is very different from multispectral to
hyperspectral imaging systems.

There are different types of instruments that are classified as passive sensors, such as

spectrometers, radiometers, spectroradiometers and accelerometers.

Active Sensors emit microwave signals which can be reflected, refracted or
backscattered by Earth’s surface or its atmosphere, and captured again by the
satellite. This type of instrument is useful to study Earth’s surface regardless of
meteorological conditions by using longer microwaves, providing the ability to
penetrate through cloud cover, haze, dust and other conditions without significant
interference in the signal. Another advantage of active sensors is that they can be
used during day and night, providing consistent results since they don’t rely on an

external EM radiation source to produce data.
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There are different types of instruments that are classified as active sensors, such as
radars, lidars, lasers and scatterometers.

An illustration that visually represents the main differences between these two sensor

technologies can be observed in Figure 2:

PASSIVE
SATELLITE SENSORS

ACTIVE
SATELLITE SENSORS

Reflected

Naturally Radiated EMR

or Reflected EMR y
Transmitted

EMR Backscattered

EMR

Figure 2 - Passive and active satellite sensors, adapted from (NOAA CoastWatch, 2021)

2.4.GIS

Geographical data, also described as spatial data, is typically stored in a computer system
designated Geographic Information System (GIS). This computer system also manages the

capture, check and display of data that has geographical characteristics.

2.4.1. GIS tools
To handle and manage geospatial data, GIS software tools are the most commonly used
solution. Two of the main available tools are SNAP and QGIS, and, on the present study,

both software were used to manage georeferenced data.

e SNAP is an acronym for ESA’s Sentinel Application Platform and is a Geographical
Information System tool used to access, process and analyse Sentinel and other ESA
international mission’s imagery. Despite its limited data access, SNAP is very user-
friendly and is robustly built to work with Sentinel data, and for these reasons it was
used to analyse and process ESA mission’s data on this work.

e QGIS is an open-source Geographical Information System application that allows

studies of geographical data from many sources. Unlike SNAP, QGIS is not limited
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to a specific data provider, and has diverse functionalities and even third-party
plugins that facilitate handling data. For this reason, it is widely used in mostly all
geospatial data. On the present study, QGIS is used to manage processed Sentinel

data, and to process and analyse data from multiple platforms.

2.4.2. GIS file formats

There are two main types of GIS data: vector and raster data.

e Vector data corresponds to data that is stored as points, lines, or polygons. In
practice, these may correspond, for instance, to the representation of roads, lakes,
and city boundaries in a map. As an example, Google uses vector tiles for its base

map in Google maps, when using the ‘Map view’ (Google, 2022), as observed in

Figure 3:
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Figure 3 - Example vector data, adapted from (Google, 2022)
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e Raster data corresponds to gridded data, in which each pixel of an image is
associated with a geographical location and is stored in matrices. Data stored in
this format represents physical phenomena, and each pixel can store continuous
or discrete data. Continuous data can represent elevation or aspect of a location,
whereas discrete data often represents objects that are present in that location.
Raster data is used to represent digital data. One example are the image tiles

present in Google maps when using the ‘satellite view’, that takes the format of

raster files (Google, 2022), as depicted in Figure 4:
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Figure 4 - Example raster data, adapted from (Google, 2022)

2.5.Band indices

Band indices are methods used to combine different bands of the EM spectrum to provide

useful representation of desired features in an image.

Different combinations of EM bands can provide different results in an image. Specific band
indices are useful to enhance features like water, vegetation and vegetation health and others.

10
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As an example, in Figure 5! a Normalized Differential Vegetation Index (NDVI) index was
created using arithmetic operations between the near infrared (NIR) and red bands of a
Sentinel-2 image of the Matosinhos region. This index is mostly used for vegetation analysis,
since it quantifies and provides information about the presence, density, and vitality of
vegetation features. In this example, we can clearly make a distinction between vegetation
zones (in blueish tones) like the city park of Porto in the centre-left region of the image, and

non-vegetation zones (yellow-greener zones) like the industrial zone of Porto at the central

part of the image. Also, the sea is present in the left part of the image, represented in orange.

Figure 5 - Application of the NDVI over the Matosinhos region

2.6.Literature Review

Remote sensing techniques have been employed and improved over several decades.
Although remote sensing was being used before with photogrammetric measurements,
cameras and films, this term was only broadened and recognized in the early 1960’s by

American entities, respectively the National Aeronautics and Space Administration

! Derived from Copernicus Sentinel data 2023, processed by ESA.

11
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(NASA), U.S. Department of Agriculture, U.S. Geological Survey (USGS) and the National
Oceanic and Atmospheric Administration (NOAA) (Bauer, 2020).

Since the beginning of the century, airborne and spaceborne remote sensing (ASRS) have
witnesses several novel applications (Lei Luo, 2019), which were also possible due to the
technological advancements of the time. In this study, we will restrain our focus in
spaceborne remote sensing, respectively using passive satellite data for vineyard
segmentation and active satellite data for altimetry data.

Satellite remote sensing not only plays a vital role in the study of cultural heritage, but also
in several other applications, some of the being environmental monitoring (Li, et al., 2020),
resource exploration (Sabins, 1999) (Calvin, Littlefield, & Kratt, 2015), agricultural (Weiss,
Jacob, & Duveiller, 2020) and land use (Rawat & Kumar, 2015). There are many other

applications in both land and water regions.

Remote sensing satellite imaging techniques may further be divided into 3 categories:
multi/hyperspectral imaging (Pettorelli, et al., 2005) (Brando & Dekker, 2003) (van der
Meer, et al., 2012), LIiDAR (Bhardwaj, Sam, Bhardwaj, & Martin-Torres, 2016), and SAR
imaging (Chen, Lasaponara, & Masini, 2017). The first category relates to passive satellite

sensors, and the last 2 categories relate to active satellite sensors.

Several articles have been developed in remote sensing and precision agriculture
applications using band vegetation indices, carried out in plantations, including vineyards.
According to Giovos et al., (2021), most of the articles focus on the application of vegetation
indices to study water stress (Soubry, Patias, & Tsioukas, 2017), yield (Kandylakis &
Karantzalos, 2016) and vine disease (Albetis, et al., 2017) on vineyards. In this study, we

will assess their performance on detecting vineyard terraces using satellite imagery.

Throughout the literature research that was performed, most of the articles related to the
identification of vineyard terraces using satellite images were limited, and its publications
were quite recent, as such, with this dissertation we hope to provide our contribution to future

studies related to this subject.

Although the study of vineyard terraces using satellite images combined with machine
learning techniques is still an emerging topic, these techniques have been widely used in
several other field applications. Many articles have been developed and published in the

detection of different land features using said techniques, e.g., Ozlem and Giingér (2012)

12
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studied the classification of different multispectral satellite image scenes using random forest
algorithm. McAllister et al., (2022) used machine learning techniques for the extraction of
shoreline indicators using multispectral satellite imagery, and Wang et al., (2022) studied

snow coverage mapping via machine learning algorithms using Sentinel-2 data.

According to Lary et al., (2016), some of the most common machine learning algorithms
used for classification in remote sensing applications are, among others, support vector
machines (SVM), ensemble techniques such as random forests (RF) and deep learning

techniques, in particular artificial neural networks (ANN).

One of the few articles found that covered the detection of vineyard regions using deep
learning frameworks on satellite imagery, developed by Nuno Figueiredo et al. (2022),
studied the detection of vineyards in the Alto Douro region, the same region of study as this
dissertation, using Google Earth satellite images. This article demonstrated a deep-learning
approach using a segmentation technique through the ResNetV2 model to detect vineyard
plantations of the region, and the results appear to be promising. Another article by Eriita G.
Jones et al. (2020) studied the impact of pan-sharpening and spectral resolution on vineyard
segmentation. Although the segmentation approach is similar in these two studies, it shows
that both spectral and spatial resolution play a significant role in the model’s performance,

when detecting vineyard regions.

In this dissertation we will develop research taking one step further and try to identify
individual vineyard terraces, testing both traditional algorithms and state-of-the-art deep

learning algorithms to segment vineyards in the studied region.

The resulting outcome of the model will then be combined with altimetry data obtained from
SAR sensors, used in this dissertation to study the slope of the region where the segmented
vineyards are located, ensuring that the vineyards are located in highland regions, validating
the need of a terrace-like arrangement. Other studies have used altimetry data for many other
applications, obtaining promising results, including surface water measurements (Alsdorf,
Rodriguez, & Lettenmaier, 2007), topography (Berry, 2000) and river monitoring
(Michailovsky, McEnnis, Berry, Smith, & Bauer-Gottwein, 2012).

By intersecting the segmented vineyard mask with the slope mask, a higher confidence that
vineyards are located within terraces and not on plains or other lowland configurations can

be extracted.
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3. Data Sources

In this chapter, an exploration of satellite imagery and satellite imagery providers as sources
for the raster data used in the methodology, as well as the selected vector data that will
provide the label dataset, will be established.

3.1.Earth Observation satellites with spectral imaging capabilities —
potential data sources
A list of some of the most relevant and currently operational EO satellites was created, in
which we enumerate several satellites that possess multispectral and hyperspectral imaging
capabilities, since the scope of this study lies in these types of products.

Some of the next satellites offer open access to their data since they are publicly funded,
while others are managed by private entities, hence the availability of their products is

subject to purchase costs.

Table 1 - Operational satellites with spectral imaging capabilities

Operational Satellites with Spectral Imaging Capabilities

Satellite Entity Year launched Data Access Description
Amazbnia-1 INPE 2021 Open Multispectral
Agua NASA 2002 Open Multispectral
Cartosat-1,2,3 ISRO 2005-2019 Open Multispectral
CBERS-4 CNSA & INPE 2014 Open Multispectral
Gaofen-2 CNSA 2014 Purchasable = Multispectral
Geosat-1,2 GEOSAT 2009, 2014 Purchasable  Multispectral
Landsat-8,9 NASA & USGS 2013, 2021 Open Multispectral
Oceansat-2 ISRO 2009 Open Multispectral
Pleiades-1, Neo = Airbus & CNES 2011-2021 Purchasable = Multispectral
PRISMA ASI 2019 Open* Hyperspectral
Sentinel-2 ESA 2015 Open Multispectral
Suomi NPP NASA 2011 Open Multispectral
Terra NASA 1999 Open Multispectral
WorldView-1,2,3 MAXAR 2007-2014 Purchasable  Multispectral

*For academic purposes
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There also exists data from non-operational satellites that are stored in archives, such as:

Table 2 - Non-operational satellites with spectral imaging capabilities
Non-Operational Satellites with Spectral Imaging Capabilities

Satellite Entity Year launched Data Access Description
Envisat ESA 2002 Open Multispectral
LandSat-1-7 NASA 1972-1999 Open Multispectral
PROBA-V ESA 2013 Open Multispectral
QuickBird  DigitalGlobe 2001 Purchasable =~ Multispectral
WorldView-4 MAXAR 2019 Purchasable = Multispectral

3.2.Raster data sources — passive sensor

For this study, we need data from land coverage satellites, so coastal and oceanic monitoring
satellites are disregarded. We also need good spatial resolution since we want to identify
vineyards in images that could occupy a small area (few meters), meaning that we can only
use data from high or very-high resolution (VHR) satellite images. This study does not
require restrictions on temporal resolution. Given these requirements and the accessibility
we have to the following platform’s data, we decided to use satellite images from the
Sentinel-2 mission and the GEOSAT -2 satellite.

These two platforms are able to provide medium-high (up to 10 meters) and very-high (up
to 0.4 meters) spatial resolution images respectively, with multiple bands in the visible, near
infrared (NIR) (GEOSAT-2) and shortwave infrared spectral ranges (Sentinel-2A and
Sentinel-2B) and, although it was not a necessity, they provide a reasonable revisit period,

characteristics that will be clearly explained in the next two subsections.
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3.2.1. Sentinel-2
Sentinel-2, illustrated in Figure 6, is an EO multispectral imaging mission with a core focus
in land classification. Like the Sentinel-1 mission, this mission also comprises a constellation
composed by 2 satellites: Sentinel-2A and Sentinel-2B, phased 180 degrees from each other
in a sun-synchronous polar orbit providing high availability (Copernicus, 2022), with a third

satellite, Sentinel-2C undergoing testing and preparation for launch in 2024 (ESA, 2022).

Figure 6 - Sentinel-2 mission satellite, adapted from (Copernicus, 2023)

The Sentinel-2 Multispectral Instrument (MSI) samples 13 spectral bands in the visible, NIR
and shortwave infrared part of the spectrum. 4 of these bands at 10 meters, 6 bands at 20
meters and 3 bands at 60 meters of spatial resolution. This is considered a medium-high-
resolution satellite sensor since it is able to provide images with up to 10 meters of spatial
resolution. It also has a high temporal resolution (5 days of revisit time for the constellation,
10 days for each of the Sentinel-2 satellites), and a swath width of 290 kilometres
(Copernicus, 2022).

We began the development phase of this study by using images from the Sentinel-2 mission,
since the data provided is open and of medium-high-resolution, and expecting to, at least, be
able to segment medium-sized vineyards present in the Alto Douro region. After this initial
study with Sentinel-2 images, we will replicate the methodology with GEOSAT-2 images

and analyse the differences in the segmented regions.
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3.2.2. GEOSAT-2
The Geosat-2, illustrated in Figure 7, formerly designated as Deimos-2, is a very-high
resolution Earth imaging satellite providing images up to 40 cm of spatial resolution after
image processing techniques. It was launched on the 19" of June 2014, and is characterized
by a sun-synchronous ascending orbit, a swath width of 12 km, and a revisit period of 2 days.
It is the second satellite of the GEOSAT Earth Observation system (GEOSAT, 2023).

Figure 7 - GEOSAT-2 Satellite, adapted from (eoportal, 2023)

Its optical imaging sensor captures 5 different bands: blue, green, red, NIR and panchromatic
bands. The bands corresponding to the visible and NIR part of the EM spectrum have a
spatial resolution of 4 meters, while the panchromatic band has a spatial resolution of 1 meter
on nadir conditions. After pan-sharpening and re-sampling techniques are applied, the RGB
and NIR bands may also obtain a spatial resolution of 0.75 meters (GEOSAT, 2023). Pan-
sharpening is a technique that fuses a panchromatic image with multispectral up-sampled
images, obtaining pan-sharpened multispectral images, with the same spatial resolution as

the panchromatic image.
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It is also possible to obtain 0.40-meter resolution images, by applying artificial intelligence
(Al) processing techniques to the pan-sharpened images, thus providing the ability to better

assess the different objects and scenes contained in the images.

Remark: Due to external reasons beyond our reach, the data acquisition from this satellite
established in the early stages of the dissertation was not possible to execute, hence the

exclusive use of Sentinel-2 imagery for the study conducted in this dissertation.

3.3.Raster data source — active sensor

To ensure a higher confidence that the vineyard features are located within terraces, we will
use altimetry data obtained from SAR sensors, which will then be processed in order to
obtain the slope of the corresponding pixels in degrees. For this study, we chose to use data
from the Shuttle Radar Topography Mission (SRTM) (Farr, et al., 2007), which was flown
aboard the space shuttle Endeavour on February 2000 (USGS, 2018), as illustrated in Figure
8.

F——— haseline ———

Transmitbed Wawve
MU Recaived Wave

Radar signals being transmitted and recieved in the SRTM mission
{image not to scale).

Figure 8 - SRTM illustration, adapted from (NASA, 2023)

The SRTM data is acquired through the creation of a radar beam that interacts with Earth's
surface features and is then captured by two SAR sensors, where these sensors have their
antennas placed at a fixed distance (baseline). By leveraging the information on the antenna
separation and analysing the variations in the reflected radar wave signals of both SAR
images i.e., the interferometric pair, an interferogram can be created, where precise
measurements of the Earth's surface elevation can be extracted, consequently forming an
SRTM Digital Elevation Model.
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This decision aligns with the fact that the data has a spatial resolution of 1 arc-second,
corresponding to approximately 30 meters, which is suitable for the task we aim to perform,
and also the data has open access, contributing to the minimization of costs in this

dissertation.

3.4.Vector data source

To evaluate segmentation methods that will be developed during this dissertation, extract
performance metrics, and to have labelled data to train, validate and test machine learning
models, it is necessary to have a georeferenced dataset with the corresponding studied
features prior to developing any methodology. As such, research on already existing datasets
with the desired features — vineyards was performed, and a dataset that contains
georeferenced labels of several classes, including vineyards, for the Portuguese continental
territory was selected: the Carta de Uso e Ocupagcédo do Solo (COS) 2018 v2.0?, which we
will refer as COS2018.

The COS2018 is a vector-base land cover classification map of the Portuguese continental
territory, which divides the surface occupancy hierarchically by 83 classes, represented in
polygons. It has a minimum cartographic unit of one hectare and a minimum distance

between lines of 20 meters (Direcdo Geral do Territério, 2022).

Not only does the COS2018 supply information regarding the location of said classes, but it
also provides relevant information such as area and perimeter of polygons representing each

of the classes.

For the scope of this dissertation, only the vineyard class will be extracted from the COS2018
dataset, and it will be considered as the ground-truth. This class represents the areas of
continental Portugal where vineyard plantations are present. By extracting the precisely
delineated and georeferenced polygons represented by this class, it enables the development
of metrics that can be applied in the evaluation of devised methods, and the proper definition
of the dataset for machine learning tasks, contributing to more robust models, which will be
studied in depth on Chapters 7 and 8.

2 Geographical information provided by Direcdo-Geral do Territério
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4. Segmentation through band indices

In the first proposed method to segment vineyards, we will perform a preliminary analysis
as to whether or not it is possible to segment them satisfactorily by using band indices
derived from Sentinel-2 imagery. If the results are satisfactory, we will then further develop

and elaborate the method and the evaluation techniques applied to the results.

The images provided by the Sentinel-2 mission are composed by 13 bands (12 after BOA
processing), hence we will study what is the best band combination to separate vineyards
from other features present in the image. In this study, we will try to find the optimal band
combination that enhances the reflectance values of vineyards and minimize the reflectance

values of other features.

Since the majority of the vines in the Douro region have deciduous characteristics, this

method, if efficient, can only be performed during the vine’s foliar-active period of the year.

4.1.Index selection

According to Giovos et al., (2021), the most common index used in research publications of
vineyards is the NDVI (Rouse, Haas, Schell, & Deering, 1974) which is used to study the

presence and several characteristics of vegetation features.

The NDVI index is widely applied in remote sensing studies of green vegetation areas and
is mostly derived from satellite or aerial imagery. By analysing the reflectance in the NIR
and red regions of the electromagnetic spectrum with this index, many green vegetation

characteristics such as health and density can be assessed.

The values of an NDVI index range from -1 to 1, with small values indicating regions of
lower green vegetation density and high values indicating regions of higher green vegetation
density, and are obtain with Equation (4.1):

NIR — red
NDV] = ——M 41
4 NIR + red (4.1)
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Where NDVI is the normalized difference vegetation index, NIR and red are spectral
radiance or reflectance, depending on the image processing level, in this case for Sentinel-2
products, measured respectively in the NIR and red parts of the electromagnetic spectrum
(Huang, Tang, Hupy, Wang, & Shao, 2020).

The previous equation can be translated to Equation (4.2) using Sentinel-2 bands:

B8 — B4
=— 4.2
NDvi B8 + B4 (4:2)
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Figure 9 - Reflectance of green vegetation in different wavelengths, adapted
from (SEQS, 2023)

In Figure 9 the spectral reflectance of green vegetation is depicted. Comparing with the

spectral reflectance of vine’s leaves, depicted in Figure 10:
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Figure 10 - Reflectance of vine's leaves in different wavelengths over Sentinel-2 channels, adapted from
(Laroche-Pinel, et al., 2021)
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It can be inferred that both spectral signatures have an identical behaviour, as expected since
vine’s leaves are characterized with a green colour, thus further corroborating to the use of

an NDVI index for this implementation.

According to the graphic corresponding to Figure 10, it is possible to observe how the
reflectance of the vine’s leaves varies according to the wavelength. We can observe a
maximum reflectance value of approximately 50% between wavelengths of 770nm to
1300nm, explained by the spongy mesophyll layer present in the vine’s leaves, and a
minimum value of less than 10% at 450 nm. The leave’s spectral signature is also
characterized with a local maxima at around 550nm, resulting from the chlorophyll
absorption, and several local maxima and minima ranging from 1,400nm to 2,250nm, which
result from water/moisture absorption (Tayade, et al., 2022), also represented by the water

droplets in the image.

By using the NDVI index, the wavelengths at which the vine’s leaves exhibit maximum
reflectance will be emphasized, while wavelengths with minimum reflectance are
suppressed. This ensures that these vegetation features are highlighted, distinguishing them

from other non-relevant features.

One point to consider is that, since vine’s leaves have a spectral signature comparable to
other green vegetation, features with similar spectral signatures present in the image, such
as forests or orchards, may also be highlighted, which can impact the efficiency of this

method.

Giovos, et al. (2021) also demonstrated that band index classification is heavily dependent

on the spatial resolution of the aerial images:

UAV NDVI WV2 NDVI S-2 NDVI

(a) (b) (c)

Figure 11 - NDVI map from different resolution imagery (UAV, Worldview-2, Sentinel-2), adapted from
(Giovos, Tassopoulos, Kalivas, Lougkos, & Priovolou, 2021)
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In Figure 11, it is possible to visualize that, by using very-high resolution imagery such as
UAYV imagery, it is possible to separate the canopy of the vines from the soil, which leads to
more accurate results after applying index classification methods, whereas by using medium-
high-resolution imagery, such as Sentinel-2 imagery, this is not possible to observe, due to
the lower resolution image having both soil and vine features mixed within the same pixel,

which, after applying index classification methods, leads to less accurate results.

Nevertheless, since we only have access to Sentinel-2 imagery, we will study the application
of the NDVI to those products, perform the analysis of the resulting index layer, and extract

the respective conclusions from these results.

In Figure 12, a study conducted by ADVID (2021) on two common grape varieties in the
Douro vineyard region, the “Touriga Francesa” and “Touriga Nacional” shows their

vegetative cycle over the year.
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Figure 12 - Vegetative cycle of famous grape varieties present in the Douro
vineyard region, adapted from (ADVID, 2021)
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It is possible to observe that the cycle starts, on average, with the budburst in mid-March,
with the first flowers sprouting two months later, in mid-May, and the grape harvest being
performed in mid-September. Taking these observations into consideration, the application
of an NDVI index to segment vineyard regions is optimal during the period between early

June until mid-September, where the vines have the highest leave density coverage.

4.2.Data acquisition

To develop this methodology, we relied on the Copernicus Scihub platform to select and
download the Sentinel-2 image product, and the SNAP application from ESA for all the
other processes of the study: from image data processing to the classification by indices

using band math.

Firstly, we selected the region of interest (ROI) as observed in Figure 13 which, for this
purpose, corresponds to an area around Peso da Régua, a village adjacent to the Douro River,
and performed a query for Sentinel-2 products for the foliar-active period of the vines (from
June until mid-September), with minimal cloud coverage (0% to 10%) for level 1C
processing, meaning that the image was already submitted to, among others, radiometric
corrections in Top of Atmosphere (TOA) reflectance, and also for level 2A processing,
which processes level 1C images and per-pixel radiometric measurements are provided in
Bottom of Atmosphere (BOA) reflectance (Copernicus, 2022). We then selected the desired
product and downloaded it. A decision to use both levels of processing was made as to
evaluate which one performs best to identify the respective vineyard regions in the satellite

images.
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Figure 13 - Copernicus Scihub product query, adapted from (Copernicus, 2023)

After the product is acquired, we then analysed it using SNAP. In an effort to perform
arithmetic operations between bands with different spatial resolution, a resampling process
of these bands is needed in order to obtain identical spatial resolutions between bands. Since
the chosen bands to create the selected index have the same spatial resolution of 10 meters,

this process will not have to be performed.

4.3.Index Analysis

Taking the previous observations into consideration, we then computed this index in SNAP,
by using the Sentinel-2 image bands 4 and 8, corresponding to the red and NIR part of the

EM spectrum respectively, as illustrated in Figure 14:
B 8and Maths X

Target product:

[1] S52A_MSIL2A_20220628T 112131_N0400_R037_T29TPF_20220628T173713 ~
Name: NDVI
Description:
Unit:
Spectral wavelength: 0.0

Virtual (save expression only, don't store data)

Replace NaN and infinity results by NaN
[[] Generate associated uncertainty band

Band maths expression:
(B8-84)/(B8+84)|

Load... Save... Edit Expression...

Cancel Help

Figure 14 - SNAP computation of band math to create an NDVI map
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After the index was created for both images with different processing levels, we compared

them on the same area of the image where we know there are vineyard terraces present, and

obtained the following results:

We can observe in Figure 152 that the TOA (top image) and BOA (bottom image) reflectance
bring different results using the NDVI index. For the level 1C image (TOA reflectance),
there appears to be more noise in the image, compared to the level 2A image (BOA
reflectance) that appears cleaner. This can be explained due to the atmospheric effect

overlapped with the reflectance of surface features present in the level 1C processed image.

3 Derived from Copernicus Sentinel data 2023, processed by ESA
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For a better analysis and comparison of both images, a colour map will be used. For this
purpose, we chose to use a gradient with red tones for regions of no vegetation, and green
tones for regions with vegetation, with an orange/yellow transition colour, as depicted in
Figure 16%:

Figure 16 - Application of a color map to the previous NDVI map over Sentinel-2 imagery

Analysing the differences in non-vegetation and vegetation regions of Figure 16, a clear
distinction can be made in both these zones. In the level 2A product, the features are more
clearly depicted and classified, compared to the level 1C product, where due to atmospheric
effects, the different features present in the image are more difficult to discern. Also, the
difference in vegetation regions (depicted in different tones of green, where the darker the
green the denser the vegetation is) and non-vegetation regions is clearer in the level 2A

product.

Considering the points mentioned earlier, level 1C products can be discarded from this study.

4 Derived from Copernicus Sentinel data 2023, processed by ESA
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In the next figure, representing a closeup to the previews level 2A product with identifier
S2A_MSIL2A 20220628T112131 _N0400_RO037_T29TPF_20220628T173713, Figure 17,
a comparison between the NDVI map and the overlapped label from the COS2018 with the

vineyard regions defined can be evaluated:

[/ o
W

Figure 17 - Overlap of the vineyard polygons from the COS2018 over the NDVI map

In Figure 17, it is possible to visually inspect the quality of classification using the NDVI
index. The vineyard regions extracted from the COS2018 and overlapped with the previous
NDVI map are represented in blueish tones, with some transparency to observe the features

beneath them.

It is possible to observe that some non-vegetation regions are misclassified as being
vegetation (possible false-positive), and some regions of dense and less dense vegetation are
also classified under the same class, taking into consideration that the likelihood of denser
vegetation being forest or other similar non-vineyard feature is extremely high. The opposite
also happens, where regions of less dense vegetation, in which the likelihood of being

vineyards is higher are not classified as such (possible false-negative).

Overall, the results of the classification of vineyards with band indices were inconclusive in
terms of vineyard classification, and a further investigation of this method and respective
evaluation metrics for the task of this dissertation is not efficient, since there are other
potential methods that have a higher likelihood of providing better results and can be more
suitable for the task. These methods will be studied in detail in Chapters 7 and 8.
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5. Data preprocessing

The data used for this study is not in a format suitable to train machine learning algorithms,
I.e., the level-2A processed data provided by the Copernicus platform is delivered as a zip
file, containing raster data in .jp2 format, organized in different folders according to the
spatial resolution (10, 20 and 60m), containing not only information regarding each band of
the EM spectrum, but also additional information, including Aerosol Optical Thickness
(AOT) map, Water Vapour (WVP) map and a Scene Classification (SCL) map. Also, each
of the bands (after the resampling process) has an approximate size of 10,980x10,980px,

which is not efficient for machine learning tasks computationally and memory-wise.

In order to preprocess the data into a more suitable format for machine learning tasks, several
python scripts were built for this purpose, which, for a cleaner and more reliable and
maintainable approach for future work, were then used to develop a python package which

we designated as SentProd.

5.1.Sentprod

The SentProd package takes the directory where the zip file is stored as an argument, and

performs several tasks, including:

e (Optional) Unzip or not unzip the file (default): since this package is built on top of
esa-snappy, a python interface for the SNAP library, it is not required to unzip the
product to access and manipulate its data, conserving a considerable amount of disk
space.

e (Optional) Spectral subsetting: the user can choose which bands to use, improving
this way the time it takes to perform the required computations, simultaneously
conserving space in the disk. The default subset bands are B1~B12, discarding all
the additional derived bands, saving up to 25GB of space per product and processing
the task approximately 6x faster.

e Resampling the selected bands: since the bands have different spatial resolutions,
matrix operations between different sized bands is not possible. To solve this
problem, all selected bands are resampled to the same size (default is 10m), enabling
this way to perform mathematical operations between them.
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e Merge the resampled bands: To facilitate the handling of the data subsequently, the
bands are translated from .jp2 format to TIFF format due to the flexibility, versatility
compatibility with legacy systems and overall wide support of the later format
compared to the first. These translated bands are then ordered according to central
wavelength and concatenated into a single TIFF file, which makes manipulating the

data easier for machine learning tasks on later stages.

With the first stage of raster data preprocess completed, the attention is now turned to the
vector data. Given an image that was submitted to the previous preprocessing event, we now
want to extract the vineyard mask delineated by boundaries of that image, i.e., clip the vector
data by the raster extent, within the same geolocation. Given that passive sensor satellite
images are vulnerable to atmospheric conditions e.g., clouds, a simple algorithm that
segments clouds by using their spectral signature was developed, and, given the generated
could mask, extracted from the previously processed image, and the vineyard mask obtained
from the COS2018, a cloudless vineyard mask resulting from the subtraction of the
intersection between cloud polygons and vineyard polygons over the original vineyard mask
Is created. Assuring in this way that images where vineyards covered by clouds are not being
wrongly classified as vineyards, which could lead to false information fed to the future

machine learning model, affecting its performance.
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Figure 18 - Reflectance of cloud surfaces in different wavelengths, adapted from (Zhuge, Zou, &
Wang, 2017)
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Considering Figure 18, it is possible to analyse the spectral signature of several surfaces.
Focusing on the cloud spectral signature, which is the one relevant for this subsection’s
study, it is possible to infer that it has maximum reflectance in the interval between 0.4 to
1.4um, with local maxima values around approximately 1.6pum and 2.2um. In Sentinel

bands, this corresponds to the spectral range of all bands, in accordance with Table 3:

Table 3 - Wavelengths and bandwidths of the three spatial resolutions of the MSI instruments, adapted from

S2B

Band Central . Central .
Number Wavelength SR Wavelength BRI
(nm) (nm)

Spatial
Resolution

(m)

(nm) (nm)
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Taking the previous points into consideration, the cloud removal algorithm checks if all
elements along the depth axis of a spectral subset of the original image array, corresponding
to band 1 to band 12 of the image, evaluate to True. This condition is met when all 12 pixel
values are higher than the provided reflectance threshold, in this case the computed threshold
is equal to 2,500, obtained from pixel analysis of a cloud in the Sentinel-2 product. If this
condition is met, then the respective segmented mask pixel takes the value of 1, if the
condition isn’t met, then it takes the value 0. Examples of the output of this algorithm can

be observed in Figure 19°:

e? L

Figure 19 - Cloud mask segmentation

This process of removing clouds from the labels is particularly relevant in images taken
during the winter season, where it is difficult to obtain products with minimal cloud

coverage.

To do this, the optional argument “--cloud removal” can be provided to the main.py script,
followed by the directory path where the shapefile corresponding to the COS2018 is located.

By providing this argument, the pipeline to remove clouds from the vector data, and the

> Derived from Copernicus Sentinel data 2023, processed by ESA.
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vector file creation given the image boundaries i.e., the entire vector data preprocessing
pipeline is defined, ensuring accurate representation and integration of the spatial

information.

To successfully execute the pipeline, another argument is required, namely “--class_name”
followed by the class name that corresponds to the COS2018n4_L attribute list, which, for
this study, are the “Vinhas”. If the raster data has already been preprocessed earlier, we can

call the argument “--no_merge” to only execute the vector data preprocessing pipeline.

The resulting layer is illustrated in Figure 20°:

Given the previously supplied arguments, the main.py script can be executed, and the label

file can be successfully created.

One last feature of this package is its ability to divide both the image and corresponding
label into smaller image chips with the argument “--tile”, making it easier to feed and train
a machine learning model using batches of smaller subsets of the dataset, instead of
providing the original over-sized dataset with a unique image and label.

¢ Derived from Copernicus Sentinel data 2023, processed by ESA.
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5.2.Exploratory Data Analysis

Before supplying the data to the machine learning models, both to train and to infer, an
Exploratory Data Analysis (EDA) will be performed, to examine the data and better
understand its characteristics and patterns, and a subsequent preprocess of the data given the

conclusions retrieved from the EDA process will be developed.
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Figure 21 - Sentinel-2 image histogram

Previewing the histogram of the image where the image chips were extracted, i.e., the
original Sentinel-2 image, Figure 21, it is possible to observe that the reflectance values of
all 12 bands, originally between [0:10,000] in the supplied level 2A product, are positively

skewed, indicating that the distribution of pixels is skewed towards lower values.

Studying in more depth the histogram of each of the Sentinel-2 bands, Figure 22, it is
possible to observe that the positive skewness behaviour is common to every band. This may
visually represent darker scenes present in the image, meaning scenes with low reflectance

values in the respective bands.
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Figure 22 - Sentinel-2 image histogram decomposed by band

Regarding outlier detection, the previous histograms for each of the bands were recomputed

using boundary-lines for the lower and upper outlier boundary regions, Figure 23. For this

study we chose to classify a value as an outlier
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Figure 23 - Sentinel-2 image histogram decomposed by band with outlier boundaries
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The previous histograms, Figure 23, reveal the presence of outliers, specifically over the
upper outlier boundary. On average, the outliers account for 1,371,893 pixel values of each
band, which have a total of 120,560,400 pixels values each. Overall, the outliers correspond

to an averaged total of 1.14% of the bands pixel values.

5.3.Data Preprocessing for subsequent machine learning tasks

If the data were to be normalized using maximum and minimum pixel values, as described

in the normalization equation, Equation (5.1):

X — Xminimum
Xnormalized = (5-1)

Xmaximum — Xminimum

the outliers that have a high value would bias the result of the denominator x,,qximum —
Xminimum, INCreasing it, which would then lead to a higher division value, resulting in a
lower normalized pixel value. This would further substantiate the previous situation where

it was inferred that the image may already have dark scenes.

To solve this situation, instead of using maximum and minimum pixel values, we will use
percentiles to perform the normalization. After analysing the data and performing several
tests with different percentile values, the best results were obtained with the percentiles 2
and 98, this way most of the original information was conserved. This was done using the

following modified normalization equation, Equation (5.2):

. X — Xpercentile(2)
Xnormalized - _ (5-2)
Xpercentile(98) — Xpercentile(2)

After the normalization process, the pixel values then passed through a clipping process, in
which normalized pixels with values smaller than 0 were replaced with 0 and pixels with

values larger than 1 were replaced with 1, assuring pixel values between [0;1].
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Figure 24 - Sentinel-2 normalized image histogram decomposed by band with outlier boundaries

In Figure 24, the histogram of each band after the normalization and clipping processes can
be analysed. It is possible to determine that the skewness of the histograms remains similar

to the original skewness, but with data points more concentrated towards the mean values.

The presence of outliers also reduced considerably, corresponding now, on average, to
405,361 pixel values of each band, with, as before, a total of 120,560,400 pixels values each.

This corresponds to an averaged total of 0.33% of the bands’ pixel values.

The outcomes of the previous techniques can be seen in Figure 257, where a comparison of
a true colour composition of the image with minimum maximum normalization vs percentile

normalization with clipped values is performed:

7 Copernicus Sentinel data 2023, processed by ESA.
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c) d)

Figure 25 - Comparison between conventional normalization, a) and c), vs percentile normalization with clipped
values, b) and d)

The visualization of b) and d) images of Figure 25 is clearer and more appealing, but more
importantly the differences between different features are sharper, compared to images a)

and c), contributing to the forthcoming models’ capability to differenciate them.

Given all the preprocessing tasks performed to the Sentinel-2 image and corresponding
labels, the whole preprocessed dataset used to train the models in Chapters 7 and 8 is
depicted in Figure 268:

8 Derived from Copernicus Sentinel data 2023, processed by ESA.
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Figure 26 - Train validation and test dataset, with image data depicted on the left and corresponding vineyard
labels on the right

This dataset will be posteriorly divided into train test and validation sets.

5.4.Class distribution

Concerning vector data and the class distribution of the binary classes vineyard and
background, our dataset exhibits an inherent class imbalance, with a significantly higher
number of samples belonging to the class background, as depicted in Figure 27. One should
take into account that pixels in the segmented mask with value “True” or 1 correspond to the

vineyard class and pixels with value “False” or 0 correspond to the background class.

Counter({False: 113227044, True: 7

Figure 27 - Total number of samples for background class (False) and
vineyard class (True)

Thus, the class background represents aproximately 94% of the dataset, and only 6%
represents the class vineyard. This imbalance could lead to poor model performance,
including biased predictions and poor generalization.

To mitigate the impact of an imbalanced dataset, a Synthetic Minority Over-sampling
Technique (SMOTE) will be employed to the data used in Chapter 7, over-sampling the

minority class using synthetic examples, created by connecting the original samples to its k
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nearest neighbors (Chawla, Bowyer, Hall, & Kegelmeyer, 2002). This approach helps to
balance the class distribution and improve class representation.

Although this analysis was previously performed to an entire Sentinel-2 image, the selected
techniques will be employed individually to each image chip extracted from the original
image, totalling 36 chips, ensuring that the values used for the respective transformations
coincide to each of the raster chips and corresponding labels. Since 4 of the 36 chips do not
have any vineyard features in them, they will be excluded, hence the dataset will be

composed with a total of 32 image chips.
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6. Evaluation metrics

To evaluate the models’ performance developed in the next two chapters, a set of different
metrics were chosen. The bibliography demonstrates that the most common evaluation
metrics used in machine learning algorithms for image segmentation are, among others,
accuracy, precision, recall, F1-score, Jaccard index and the Area Under the ROC Curve
(AUC) (Melki, et al., 2022) (Moccia, De Momi, El Hadji, & Mattos, 2018) (Muller, Soto-
Rey, & Kramer, 2022). Since these metrics have values ranging between 0 and 1, the higher
the metric value, the better the performance of the model is according to that metric. Not
only will the mean of these metrics be evaluated, but the confusion matrix of the predictions
made by the model will also be analysed. The confusion matrix is a tabular representation
that summarizes and depicts the performance of a classification algorithm, depicting both

true and false negative and positive instances.

e Accuracy measures the number of correct predictions in relation to the total number

of predictions, Equation (6.1):

N
1
Accuracy = NZ 1(y; = 9) (6.1)
i

e Precision measures the ratio of correctly classified positives over all classified

positives, Equation (6.2):

TP
ision = ———— 6.2
Precision TP T FP (6.2)

o Recall measures ratio of correctly classified positives over all real positives, Equation
(6.3):

TP

= 6.3
Recall TP+ FN (6.3)
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The F1-score is a harmonic mean of precision and recall metrics, meaning that it
gives more weight to lower values, penalizing models that have a large difference

between precision and recall, Equation (6.4):

F1 Precision * Recall (6.4)
= E3 .
score Precision + Recall

Jaccard index, also known as Intersection over Union (IOU), is a metric used to
measure the similarity or overlap between two sets or objects, represented by A and

B in the next equation. In practice, it measures the similarities between the ground-

truth and the model’s predicted labels, Equation (6.5):

AB—lAnBl 6.5
](»)—m (6.5)

The AUC metric represents the area under the ROC curve. The ROC curve represents
the true positive rate (TPR), also known as sensitivity, against the false positive rate
(FPR), which is equal to 1 minus specificity, at various classification thresholds. An

example can be observed in Figure 28:

ROC.('nrve ROCUCHrve
/’, -’

AuC = 100% e 0 Pid = ROC Curve » =
p E - 2 =
’ = 7z = =
I Z P & Z

25 & ’ 2 ¢ AuC = 0%
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&

Figure 28 - AUC example, adapted from (Paperspace, 2020)
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The AUC can be interpreted as follows:

o AUC = 0.5: The model’s predictive capabilities demonstrate no advantage
over random guessing between positive and negative instances.

o AUC > 0.5: The model demonstrates a certain degree of predictive ability,
with higher values indicating a higher predictive performance distinguishing
between positive and negative instances.

o AUC = 1: The model has perfect predictive capabilities, precisely

differentiating between positive and negative instances.

We will focus on maximizing the F1-score of our models by testing several classification
thresholds and selecting the one that produces the best F1-score. This was the chosen metric
to maximize since it balances two important metrics: precision and recall, this way
accounting for the class imbalance of our dataset, while simultaneously considering false

classifications.
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7. Segmentation through the application of
traditional machine learning algorithms

An alternative method to segment vineyard regions on satellite imagery involves the
application of traditional machine learning techniques, also referred to as Explainable Al
(XAl) techniques.

From the literature review we inferred that two main supervised learning algorithms are used
for the purpose of image segmentation: support vector machines (SVM) and random forests
(RF). To develop this task, we will experiment these algorithms for the purpose of
performing a binary classification on individual pixels as to if they belong or not to a specific
class: vineyard. These algorithms will receive a Sentinel-2 image previously chipped using
the SentProd library, preprocessed and evaluated using the techniques and metrics seen in

the previous chapters.

Both models were trained with the parameter “probability” set to True. Although
computationally more expensive, this parameter allows, during inference, the creation of a

probability map, providing the probability of a pixel to belong to one class or the other.

The confidence map will be used instead of the classic classification output because it allows
for a greater flexibility and versatility for post-processing of the outcome. This way, during
the model’s test stage, the F1-score will be computed for a range of thresholds = [1;100]
with unitary increments, returning the confidence threshold that maximizes the F1-score for
each image. This threshold will then be summed up and divided by the total number of
images used in test, providing the mean threshold score, which will then be set as the default

threshold for all inferences with the corresponding model.

7.1.Support Vector Machines

SVMs are a supervised machine learning algorithm that employs a binary classifier based
on an optimal separation hyperplane for these two classes (Suykens & Vandewalle, 1998),
with a maximized margin between opposite parallel planes to the optimal hyperplane,
created by the support vectors of each class in the feature space. These classes are mapped
from the input space to the feature space through the nonlinear function ¢(.): R"™ - R"b,
given a training set {x; y, =, with independent variables x;,, € R" and the corresponding
binary class labels y, € {—1; 1} (Suykens, 2001).
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After training SVM models with different hyperparameter configurations, using the

balanced dataset, the models were then tested.

Two different kernels will be experimented with this algorithm:

Linear kernel: this kernel is used when the data is linearly separable through the
algorithm’s separation hyperplane, calculating the dot product between data points
to measure their proximity. The linear kernel is defined in Equation (7.1) as:

K(x,y) =xxy (7.1)

Given the complexity of the data, and that the data points corresponding to each
feature present in the image can have similar reflectance values in the same band, it

is unlikely that the linear separation of the data points will provide good results.

RBF kernel: the Radial Basis Function (RBF) kernel is a non-linear kernel that relies
on a Gaussian similarity measure to capture the non-linear relationships between data
points, and consequently find the optimal non-linear decision boundaries. The RBF

kernel is defined in Equation (7.2) as:

1= 1|* 2 1
= e Y 2i2 (=) eVl = (72)
K(x,y)=e 2x02 (=) e ,wherey T o2

It is expected that, given the more complex decision boundaries, these boundaries
will fit the data more accurately, hence we predict to output better results than the

previous kernel, when training the model with the optimal hyperparameters.

One other hyperparameter that will be altered in different models is the penalty parameter

C. This parameter trades of correct classification of training samples with a maximization of

the decision’s function margin.

Another hyperparameter that was programmed in all models was the gamma y parameter,

which controls the influence that each training example makes on the decision boundary,

affecting the smoothness of the decision boundary. Too large values of y will cause the
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model to overfit, too small values on the other hand constraint the model, reducing its ability

to capture the complexity of the data.

Given the complexity and volume of the data, training a non-linear kernel in a Central
Processing Unit (CPU) would need tremendous computational power. As such, instead of
training this algorithm relying on CPU using the Scikit-learn package, it was trained on a
Graphics Processing Unit (GPU) using the RAPIDS cuML library, converting the Numpy
arrays corresponding to each of the image bands and the label binary mask to Cupy arrays
suitable for GPU handling. For this study we will use a NVIDIA RTX A6000 GPU, with
48GB GDDR6 of memory.

In Table 4 the models’ evaluation metrics can be analysed:

Table 4 — Support Vector Machine metrics results using the models trained with the balanced dataset

Balanced dataset
Y Threshold
Kernel | n_iter C mF1 [mAccuracy|mPrecision| mRecalllmJaccard| mAUC

(@wmaxF1

Linear 1000 10° - 0.3127 0.8825 0.2308 0.4762 | 0.2073 | 0.6778 0.68

500 10° 51 0.325 0.8693 0.2306 0.5502 | 0.2095 | 0.7084 0.55

RBF 1000 10° G 0.2863 0.8502 0.2062 0.477 0.1793 | 0.6655 0.62

1000 10! 51 0.2236 0.8112 0.1739 0.4973 | 0.1586 | 0.6482 0.53

Due the size and volume of the dataset and possibly also due the recent implementation of
the previous algorithm in the used package, several unexpected errors related to CUDA
memory allocation were encountered both in training and inference of the models. As such,
given the training and inference time, even when relying on GPU for all heavy computing
tasks, we limited the number of outer iterations per training epoch to 1000, and didn’t vary
the y parameter in an effort to minimize these constraints. Even after applying these
measures, it was only possible to train and infer a small number of models using this

algorithm in due time.

Nevertheless, it is possible to observe that the results extracted from the metrics of Table 4

are not very satisfactory. The model with the best performance was limited to 500 outer

iterations, withC =1 andy = L =1-90s.

Nfeatures 2
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Although it was expected that the RBF model would provide better metrics as the number
of outer iterations increased, this was not what happened. Instead, the best metrics were
obtained in a more constrained model. This could be due to a number of reasons, one of them
being that the model is converging faster than what was previously anticipated, which could

lead to overfit when trained for a larger number of iterations over the dataset.

Increasing the penalty parameter also results in worst metric results, which indicates that by
increasing the decision function margin, trading correctly classified samples, has a
downgrading effect in the output resulting metrics. In this case, it seems that the decision
function margin should be narrower, allowing for a higher number of correctly classified

samples, improving the output results.

The confusion matrix obtained from the inference of the testing dataset is depicted in Figure
29:

10 .

Coun

Pradicted

Figure 29 - Confusion matrix resultant from the test of the best SVM model

From the analysis of the confusion matrix, it is possible to conclude that there exists a total
of 1,757,670 TN, 1,147,588 FP, 20,433 FN and 375,665 TP in the output segmented mask,

where several metrics discussed next were derived.

Regarding the F1-score, the best mean score obtained has a value of 0.3250, suggesting that

the model’s ability to correctly classify and distinguish vineyards from other features is
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relatively low. Taking into consideration the definition of the F1-score, Equation ((6.4), this
result demonstrates that the model has difficulties to achieve both high precision, meaning
that it has a low ability to correctly predict positive instances, and high recall, meaning that
it has a low ability to correctly identify all positive instances; given the mean precision and
mean recall metric results, with best results of 0.2306 and 0.5502 respectively, the model
fails to achieve high results in either.

Taking into consideration the accuracy score, the best mean result has a value of 0.8693,
indicating that the model correctly predicted approximately 86.93% of the instances (TP +
TN) in the dataset. After a more detailed study on this metric, it was observed that the results
are skewed by the majority class: the more imbalanced de testing scenario is, the smaller the
accuracy is in the minority class, but the results are biased due to the majority class. By
studying this metric alone, i.e., without considering other metrics that, for example, study
the proportion of type 1 (FP) and type 2 (FN) errors during inference, one could assume that
the model has an almost excellent performance, which certainly is not the case. By studying

a combination of different metrics, a true assessment of the models can be developed.

Observing the Jaccard index scores, the best model returns a mean value of 0.2095. This
score indicates that the similarities between the true labels and the predicted labels is low.

Finally, the best mean AUC score is 0.7084, demonstrating that the model has an acceptable
discrimination ability, implying that the model performs reasonably well in terms of

sensitivity and specificity.

7.2.Random Forests

Random forests, RF, are also a supervised machine learning algorithm but have a completely
different approach to the problem, using an ensemble of decision trees. According to
Breiman (2001) “A random forest is a classifier consisting of a collection of tree-structured
classifiers {h(x,©,),k = 1,...}where the {0,}are independent identically distributed

random vectors and each tree casts a unit vote for the most popular class at input x.”

Although, for the previously mentioned reasons, the SVM models were only trained with
the balanced dataset, for assessment purposes, a small set of models with different
hyperparameter configurations will be trained using the imbalanced dataset for the random

forest algorithm, prior to training models with the balanced dataset.
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Using the same dataset split identically as in the previous algorithm, the random forest model
was also trained using different combinations of hyperparameters in both the imbalanced
and balanced dataset to subsequently find the optimal hyperparameters that maximize the

model’s metrics, specifically the F1-score.

In this algorithm, the number of estimators, i.e., the number of decision trees contained in
the random forest will be altered as to understand the changes in the metrics, and
consequently the behavioural changes within the model. Also, a comparison between
training the models using the original imbalanced dataset and the balanced dataset will be
performed. The models were also trained with a maximum depth until all leaves contain less
than 2 samples, or until all leaves are pure, i.e., until every leaf node contains instances from

one class.

The RF algorithm will be trained on a CPU since the computational power required is not
sufficient to justify training on the previous GPU used to train the SVM models.

The results of the models test results can be observed in Table 5 and Table 6:

Table 5 - Random Forest metrics results using the models trained with the imbalanced dataset

Imbalanced dataset
n_estimators| mF1 |mAccuracy|mPrecision|mRecalllmJaccard| mAUC Threshold
(@maxF1
5 0.2529 0.9008 0.2283 0.2819 | 0.16866 | 0.6006 0.35
10 0.2724 0.9002 0.2311 0.3217 | 0.1789 | 0.6189 0.37
20 0.2748 0.8986 0.2343 0.3257 | 0.1834 | 0.6206 0.37
50 0.2795 0.898 0.2357 0.3379 0.187 0.6252 0.38

Table 6 - Random Forest metrics results using the models trained with the balanced dataset

Balanced dataset

Threshold
n_estimators| mF1 |mAccuracy|mPrecision| mRecalll mJaccard| mAUC

(@maxF1
5 0.265 0.8981 0.2346 0.3017 | 0.1754 0.61 0.5
10 0.275 0.9044 0.2486 0.3049 | 0.1822 | 0.6171 0.53
20 0.283 0.9001 0.2445 0.3315 0.188 0.6257 0.52
50 0.288 | 0.9004 0.2444 0.3389 | 0.1904 | 0.6284 0.52
100 0.29 0.901 0.2514 0.3415 | 0.1912 | 0.6288 0.52
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Comparing Table 5 with Table 6, it is possible to conclude that the balanced dataset generally
provides slightly better results than the imbalanced dataset. This could be due to the
algorithm’s inherent ability to handle imbalanced datasets. Given its implementation,
different techniques including bagging, feature randomness and voting mechanism

contribute to the algorithm’s ability in handling imbalanced datasets.

Focusing on the algorithm’s results trained with the balanced dataset, Table 6, generally the
results improve when increasing the number of estimators, with the overall best metric
results obtained when using 100 estimators. Given the increasing complexity and consequent
increase in computational power and training time, the maximum number of estimators used
was limited to 100. The best mean F1-score obtained corresponds to 0.2895, suggesting that
the model’s ability to correctly classify and distinguish vineyards from other features is

relatively low, with low mean precision (0.2514) and low mean recall (0.3415) scores.

Regarding accuracy, the mean results are high, with values approximate to 0.9, meaning that
the model has a good correct classification rate. Given that the dataset used in inference, i.e.,
the original test dataset is imbalanced, this high result could be explained due to the model
correctly predicting the majority class (background), even if it has a low performance in
classifying the underrepresented class (vineyard).

Taking into consideration the Jaccard index, the similarities between the predicted and actual
classes is also low, with a best mean score of 0.1912, indicating a low overlap between

predicted and actual classes.

Finally, focusing on the mean AUC score, the values for all different models are greater than
0.6, with the best mean result of 0.6288, suggesting a satisfactory predictive ability to
distinguish between vineyards and background.

The probability thresholds that maximize the F1-score are very similar to each other within
the same training dataset but have a large discrepancy between the two training datasets.
This can be explained due to the differences in class representation between datasets. In the
imbalanced dataset, due to differences between the number of samples of each class that the
model was train with, the F1-score is maximized with a lower probability that the pixel
corresponds to vineyard. On the other, on the balanced dataset, since the classes are equally
represented during training, the F1-score is maximized with a probability of approximately

52% that the pixel corresponds to vineyard.
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7.3.Further conclusions

One major factor that can be contributing to the low performance metrics in both algorithms
is the spatial resolution of the image, which can be leading to the model’s decrease in

discrimination power due to the loss of detail of the present features.

Some factors could potentially impact in a positive way the resulting metrics, including using
different techniques to solve the imbalanced dataset, since in this study we only focused on
the SMOTE technique, and increasing the number of estimators in the RF algorithm, since
we can observe an increasing trend in metrics performance with the increase in the number
of estimators of the random forest, escalating this parameter could potentially lead to better

results.

One relevant observation made in both algorithms is the large decrease in performance,
according to the previous metrics, when the class distribution is more noticeable. The best
model reaches F1-scores of approximately 0.7~0.8 and similarly high metrics when tested
using image chips that have a more similar class distributions, and much smaller metrics,
including F1-scores, when using image chips with a more noticeable disparity between class
distribution. This behaviour is in accordance with the fact that testing a model in imbalanced
scenarios often leads to imbalanced metric performance, generally with high accuracy but
low F1-scores, which is precisely what is happening in our case. It is possible that, given
that the model has more information regarding the majority class of the testing image,
compared to the minority class, it can be biased towards the majority class, struggling to
correctly classify instances from the minority class, leading to a decrease in metrics that
evaluate false predictions.

To visually evaluate the performance of the best model, meaning the model using the SVM
algorithm with a limit of 500 outer iterations trained with the balanced dataset, a
segmentation mask was generated with it in a balanced and unbalanced scenario, and can be

observed in Figure 30° and Figure 31°:

® Adapted from Copernicus Sentinel data 2023, processed by ESA.
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Figure 30 - Prediction of the model (left) vs original label (right) on a balanced scenrio

In the previous figure, it is possible to observe that the model behaviour is, in fact, very
acceptable given that the class distribution in the image is balanced. The vineyard polygons
are coloured while the background polygons are transparent and not observable. The
previous vector data is then overlapped with a satellite image. There are some

misclassification regions in the image, but overall, the results are good.

When evaluating the results of the inference in an imbalanced scenario, the situation exhibits

a significant difference, as depicted in Figure 31:

Figure 31 - Prediction of the model (left) vs original label (right) on an imbalanced scenario

Seeing that the segmentation output of these two algorithms were below the expectations, in
Chapter 8, we will focus on developing deep learning models in an effort to obtain better

results.
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8. Deep Learning approach to vineyard
segmentation

We will start this chapter by developing a comparative study on different convolutional
neural network architectures and backbones previously developed for semantic
segmentation and choose the best architecture and backbone to apply in this study, i.e., to

segment the vineyards present in the same Sentinel-2 image used in the previous chapter.

We are going to develop the corresponding python code using the PyTorch framework, since
it allows for a greater flexibility in model adaptations, has a strong community which is

helpful to debug possible issues, and overall is widely used by the research community.

8.1.Model architecture

At the time this subsection was developed, there exist three different DL models
implemented within the PyTorch package for semantic segmentation, according to

PyTorch’s documentation (PyTorch, 2023):

e LRASPP — A semantic segmentation MobileNet model based on the MobileNetV3,
tuned to run in mobile phone CPUs. For this reason, this model can be excluded for
this study.

e FCN - The Fully Convolutional Network is a deep learning model, which concept
is to convert conventional feedforward neural networks, that use fully connected
layers, into a fully convolutional architecture, with fully connected layers converted
into convolutional layers, that takes as input an image of arbitrary size and outputs a
segmented mask with identical size (Long, Shelhamer, & Darrell, 2015).

o DeepLabV3 — The DeepLabV3 model is characterized by atrous convolutions,
which are a type of convolution that introduces gaps within the convolutional kernel,
applying the kernel at selected positions of the feature map rather than applying the
kernel at all positions of the feature map like in a traditional convolution. This allows
for a larger effective receptive field, without necessarily increasing the number of
parameters, obtaining a model with increased multi-scale contextual information
without a relevant increase in computational complexity. The spacing between
positions of the kernel is defined by the dilation rate, hence this technique is also

designated as dilated convolutions.
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The technique used in this model is designated as Atrous Spatial Pyramid Pooling
(ASPP), consisting in applying multiple parallel atrous convolutions with different
dilated rates. This allows the model to capture information at different scales and to
model contextual information effectively (Chen, Papandreou, Schroff, & Adam,
2017).

Given these two possible models, we opted to use the DeepLabV3 model over FCN since it
demonstrates good results in benchmark studies on known datasets and is effective with fine-
grained details and objects of varying scales, such as the vineyard regions in our study. These
regions may be sparse and distant from each other or occupy large areas separated by small
distances. The DeepLabV3 model also preserves fine details in the segmentation mask,
thanks to the use of the ASPP technique.

According to the research performed, the DeepLabV3 model is preferred in situations where
more complex contextual modelling is needed, and when dealing with fine-grained objects

that may also have different scales, at the expense of computational cost.

8.2.Backbone

There are two different suitable backbones in the previously mentioned PyTorch’s
documentation to use with this model for our study: the ResNet50 and the ResNet101. The
Residual Network (ResNet) architecture was introduced by He et al., (2016) to address the
problem of vanishing gradients on very deep neural networks, by introducing skip or residual

connections between layers, enabling the network to learn more efficiently.

The ResNet50 differs from the ResNet101 mainly due to the depth of these neural networks:
while the ResNet101 has 101 layers, consisting of convolutional layers, residual blocks and
the last fully connected layer, the ResNet50 has 50 layers. These differences result in
contrasting complexity and performance. The ResNet101 generally has the ability to learn
more complex representations, but may also be computationally heavier, taking more time
to train, and needing more data to avoid overfit. On the other hand, the ResNet50 may not
learn such complex representations, but uses less resources and has a smaller training time.
Since in our study the vineyards can have different class distributions between each image
chip, having different reflectance values in each of the 12 bands used to train and infer the
models, a potentially more suitable backbone architecture is the ResNet101, hence we will

use it as the backbone for the DeepLabV3 model architecture.
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Each residual block in the ResNet101 consists of multiple convolutional layers and a residual
connection, as depicted in Figure 32. This connection involves element-wise addition
between the output of its convolutions and the input of the block. The skip connection
performs identity mapping, providing a direct path for gradient flow during training,

bypassing one or more layers.

identity

Figure 32 - Residual block, adapted from (He, Zhang, Ren, & Sun, 2016)

The ResNet101 backbone will not be used with pre-trained weights, and the first
convolutional layer will be modified to accommodate the difference in the number of
features of the images fed to the model. The modified layer will receive 12 features for the
12 Sentinel-2 level 2A image bands. As such, the model is defined in python the following
way, Figure 33:

model = deeplabv3 resnet1@1(pretrained=False, weights = None, num classes=1)

backbone = model.backbone

new _conv_layer = nn.Conv2d(12, 64, kernel size=7, stride=2, padding=3, bias=Falsg)
backbone.convl = new conv_ layer

Figure 33 - DeepLabV3 with ResNet101 backbone and modified convolutional layer

8.3.Train, validation and test dataset

To train and test this model, we will be using the same data as in the previous chapter,
although separated differently due to image size constrains: the previous dataset was trained
and tested with the original Sentinel-2 image divided into 26 and 6 image chips respectively,
while in this chapter it was necessary to cut the original Sentinel-2 image and corresponding
labels from the original size of 10,980x10,980 into 10,752x10,752, as to ensure that the
dataset is divisible by multiples of 2", in order to create the dataset chips. Because of this,
the resultant dataset has 1,412, 176 and 176 training, validating and testing image chips

respectively when the dataset images have a size of 256x256, and 353, 44 and 44 training,
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validating and testing image chips respectively when the dataset images have a size of

512x512.

Due to these differences, the dataset split process in this chapter diverges from the previous

split process. This way, although the data used is the same, the training and testing sets are

not identical. To address this issue, a possible solution would be to preprocess the dataset in

the previous chapter by cutting the original Sentinel-2 image to the previous size before

creating identical train and test image chips. This approach would allow us to use the same

sets with different image sizes in both chapters, which cannot be carried out due to limited

resources at this stage. Nonetheless, we will compare the testing results, taking these

constraints into consideration.

8.4.Test results

After successfully creating the modified DeepLabV3 model and having the dataset defined,

we trained the model with the corresponding data and different hyperparameter/technique

configurations, obtaining the following results:

Table 7 - DeepLabVa3 test results

3 . Classification
Hyperparameters & Techniques Metrics threshold
Batch size| Img size Data . Number | Learning licon.v mF1l  |mAccuracy |mPrecision| mRecall | mJaccard mAUC Threshold@
Augmentation| of epochs | Rate [layer Bias maxF1

4 256x256 No 50 0.001 False 0.4123 0.9632 0.4347 0.4346 0.3043 0.6712 0.45
16 256x256 No 50 0.001 False 0.6494 0.9683 0.7067 0.6255 0.5008 0.805 0.44
16 256x256 Yes 50 0.001 False 0.6294 0.9705 0.7393 0.5689 0.4868 0.779 04
16 512x512 No 50 0.001 False 0.6187 0.9719 0.8085 0.544 0.4822 0.7681 0.46
16 512x512 Yes 50 0.001 False 0.5793 0.9638 0.6333 0.5441 0.4327 0.7641 0.6
32 256x256 No 50 0.001 False 0.6364 0.9665 0.7228 0.5814 0.4766 0.7838 0.71
32 256x256 Yes 50 0.001 False 0.6843 0.9702 0.7476 0.639 0.5293 0.8131 0.21
32 256x256 Yes 50 0.01 False 0.6162 0.9663 0.691 0.5638 0.4599 0.7752 0.82
32 256x256 Yes 100 0.001 False 0.705 0.9686 0.708 0.7129 0.552 0.847 0.32
32 256x256 Yes 100 0.001 True 0.6864 0.9697 0.73 0.6505 0.53 0.8186 0.47
64 256x256 No 50 0.001 False 0.6416 0.9701 0.8794 0.5319 0.5249 0.7598 0.45
64 256x256 Yes 50 0.001 False 0.5606 0.9566 0.5773 0.5469 0.4013 0.7626 0.47

Observing Table 7, the results of the inference with the previously trained models on the test

dataset displays far better results than the traditional machine learning models studied in the

previous chapter.

The DeepLabV3 model was trained with different hyperparameters and data augmentation

techniques, respectively:
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Batch size: the model was trained and tested with batch sizes ranging from 4 to 64,
where it is possible to observe that overall, the behaviour of the metrics improves as
the batch size increases, until it reaches a batch size of 32, where the metrics are
maximized. When using a batch size greater than 32, i.e., a batch size of 64, the
metric results start to deteriorate.

Image size: The model was also trained and tested with different image sizes. After
training and testing the model with the 512x512 image chips, we concluded that the
behaviour of the metrics when the model is trained with the 256x256 images is better.
For that reason, the remaining training and testing instances were performed
exclusively on 256x256 image chips.

Data augmentation: The dataset was interchangeably trained with data
augmentation techniques to increase the length of the training dataset, introducing
samples that may improve the model’s performance.

To implement this method, we used different data augmentation techniques,
including ShiftScaleRotate, which is a technique that applies affine transformations,
respectively shifting, scaling and rotating the image according to user’s defined
values and RandomCrop, which randomly crops the images according to the user’s
desired values, in our case, we performed random crops with a size of 32x32.
Number of training epochs: Due to computational limitations, the models where
almost exclusively trained using 50 epochs, except the models that had the most
promising results when trained with 50 epochs and simultaneously hadn’t yet
converged, where the training loss was still decreasing.

Learning rate: We trained the different models with a default learning rate of 1073,
and tested a different learning rate of 10~2 at the best performing model at the time,
obtaining worst metric results. For that reason, we continued to train the remaining
models with the first learning rate value.

1%t conv layer Bias: The modified convolutional layer of the ResNet101 backbone
has a programable bias parameter, which could be set to True of False, i.e., to
introduce a bias parameter or not in this layer. We tested all the first models without
a bias parameter in the first backbone convolutional layer, experimenting introducing
a bias parameter on the best performing model, obtaining slightly worst results. Due

to this, the bias parameter was set to false in all the other model’s training and testing.

57



Vineyard Terrace Segmentation in the Douro Region Based on Satellite Imagery

The best metric scores, including the F1-score, were obtained in the model using 256x256
image chips, with 32 image chips per batch, with a learning rate of 10~3, without a bias term
in the first convolutional layer, trained with data augmentation for 100 epochs. The F1-score
obtained was 0.705, which indicates that the model has a reasonable harmonic balance
between precision and recall and a reasonable ability to identify positive instances
simultaneously minimizing misclassifications. Both precision and recall scores were also
reasonably high with values 0.708 and 0.7129 respectively, suggesting a moderate capability

of correctly predicting and identifying true positive instances.

The accuracy score for this model is 0.9686, indicating that approximately 96.86% of the

predictions made by the model are correct.

The obtained Jaccard score was 0.552, suggesting a moderate overlap between the ground
truth labels and the predicted labels.

Finally, the AUC score obtained from this model is 0.847, which suggests that the model’s
ROC curve has a good discrimination capability between vineyards and background

instances.

The train and validation loss of the model were also measured where, although the training
loss is still decreasing after 100 epochs, the validation loss plateaus after approximately 20
epochs, with some occasional higher loss values during some validation epochs, which could
indicate potential overfitting, as depicted in Figure 34:

Loss Curve - Training Loss Curve- Validation
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Figure 34 - Train and Validation loss curve for the best model
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The best classification threshold that maximizes the F1-score for this model has a value of
0.32, meaning that the instances in the probability map that have a probability of being
vineyard larger or equal to 32% are classified as vineyard, while the rest is classified as
background. This threshold is relatively low, which might indicate that a) the best
classification threshold is actually smaller than what would be expected and the model is
sensitive to lower probabilities of a pixel being vineyard, b) due to the model complexity, it
could be overfitting to the dominant class (background), as a result of the class imbalance
issue in the dataset, or c) the original dataset split process, which randomly allocated image
chips into the train validation and test datasets, allocated a large number of image chips with
high vineyard representation to the test dataset, resulting in a low representation of

background instances in the testing scenario compared to a real-world scenario.

To ensure the previously obtained results are valid, we tested the model using a new Sentinel-
2 image of a different region that also contains vineyards in it, with identifier
S2A_MSIL2A_20230713T112121 NO0509 R037_T29TNF_20230713T190857, and

retrieved the resultant metrics, as observed in Figure 35:

Mean Accuracy = 8.93777543820244653
Mean Precision = ©.15315689935843886
Mean Recall = 8.46339485528213636

Mean I0U = 6.1371764436581854
Mean AUC = 8.7832451225178532
Mean Fl-score = 8.21958256760325304

Figure 35 - Test results in a different Sentinel-2 image

We also tested the best classification threshold that maximizes the F1-score for this case,

obtaining a result equal to 0.89.

As we can infer, the new testing results are very disparate from the previous results, with a
significant difference in the classification threshold. This indicates that, most likely, a
mixture of points a) and b) mentioned earlier could be the primary contributing factors to
this issue. Given that the best classification threshold is 0.89 for this new testing scenario
and 0.32 for the first, it suggests that indeed the former test dataset may have an

overrepresentation of vineyard features in the corresponding image chips.
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Figure 36 - Confusion matrix resultant from the model test in the 2nd
dataset

The resultant confusion matrix, depicted in Figure 36, provides strong evidence of an
imbalance of the testing scenario, with far more classified background instances than
vineyard instances. Regardless, it is possible to infer that there are 2,086,431 TP, 6,342,416

FP, 106,317,135 TN and 859,522 FN in the output segmented mask, where most of the
previous metrics were derived from.

While in the first test dataset the results demonstrate that the segmented mask is similar to

the original mask, with a small proportion of misclassifications, as depicted in the following
example, Figure 3719

Figure 37 — Sampled segmented mask (left) vs ground truth (right) 15¢ test dataset

10 Adapted from Copernicus Sentinel data 2023, processed by ESA.
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In the second test scenario, the results exhibit suboptimal performance, with a large number

of misclassifications, respectively type | errors, where a larger number of background

instances are mistakenly classified as vineyards (FP), as depicted in the example below,
Figure 38!

Figure 38 -natural color image, a) and c), with ground truth labels, b) vs segmented mask, d), for the 2" test
dataset

11 Adapted from Copernicus Sentinel data 2023, processed by ESA.
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Where images a) and b) correspond to the natural colour image, followed by the ground truth
labels for the vineyards, and images c) and d) correspond also the natural colour image, but

followed by the resultant segmented mask.

While regions with a higher vineyard density, particularly those located at the central right
and lower right sections of the image appear to be satisfactorily classified, the remaining

image has a high number of false positive instances, as mentioned previously.

Given the differences in metrics between the first and second testing scenarios, the original
dataset should again be split randomly, and the models retrained and retested given the new
data separation. Due to computational resource access limitations, it was not possible to

perform this process again in a newly split dataset.
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9. Altimetry Data

To have a higher confidence that the vineyard features previously segmented are located
within terraces, in this topic we will study the creation of slope masks, given a desired slope
threshold, which will then be intersected with the segmented vineyards, ensuring this way
that the vineyards are contained in regions with positive or negative slopes, circumstances
that may necessitate the construction of terraces, and not on flatlands where there are no

geological constraints that justify building terraces.

The SRTM NASA data was obtained from the DWTKNS srtm30m interface, a 30 meter
SRTM tile visualization and download interface developed by Derek Watkins (2023). For
our application, we selected a tile that covers the most part of the Alto Douro region, as

depicted in Figure 39:

Figure 39 - Altimetry tile for the Alto Douro region, adapted from
(Watkins, 2023)
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With the corresponding altimetry raster data, as depicted in Figure 40%2:

Figure 40 - Altimetry data from the previous tile

Darker pixels corresponds to lower regions, while brighter pixels correspond to higher
regions. After a short EDA analysis on this data, it is possible to determine that the lowest
point in this tile has a height of 36 meters and the highest point a height of 1,524 meters. The
mean height and mean absolute slope of the image are 627 meters and 10.6° respectively,

indicating that this region is moderately composed by highlands.

According to Fonseca (2023), a renowned wine producer from the region and one of the first
wine producer houses of the vintage Porto wine, approximately two thirds of the region’s
vineyard planted area is located on rocky hillsides with a slope higher than 30%, equivalent
to 16.7°. Given that we want to maximize the segmented vineyard area, we will use an
empirical conservation factor of 0.25, this way defining the slope threshold to 13°, increasing

the size of the intersection between both vector data.

12 NASA Shuttle Radar Topography Mission (SRTM) (2013). Shuttle Radar Topography Mission (SRTM)
Global
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To extract the slope from the elevation values, we first calculate the gradient of the selected
region, which, as demonstrated in Equation (9.1), is mathematically defined in R?as:

af . of .
Vf = gl + E (91)
Performing a variation to fit our study, we get Equation (9.2):
vy = dz 0z 9.9

In this case, we define Z—i and Z—; with a central finite difference approximation approach as

depicted in Equations (9.3) and (9.4), obtaining the relative slopes in x and y directions:

0z  z[i,j+1]—z[i,j—1]

- 9.3
Ox 2% Ax (©3)

0z z[i+1,j]—z[i—1,j]
dy 2 x Ay

(9.4)

Where i and j correspond to the indices of the pixels located in x and y coordinates of image,
computationally representing the indices of the pixels in the 2D NumPy array, and Ax and

Ay the pixel spacing, in this case 30 meters.

We then calculate the magnitude of the gradient by performing the square root over the
previously obtained partial derivatives squared, multiplied by the arctangent to obtain the

slope of the terrain in radians at each point of the image, Equation (9.5):

dz\? dz\>
slope,,q = arctan ( (a) + <E> ) (9.9)
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Which then is converted to degrees with Equation (9.6):

180°
slopegey = slopeyqq * — (9.6)

Despite the mathematical approach previously explained to derive the slope in degrees from
altitude, most of the methods used for our calculations are already implemented in python

functions.

From here, we provided the previously defined absolute slope threshold, which is 13°, and
created a mask where all values larger than that threshold obtain the value of 1, and O for all

other absolute slope values, Equation (9.7):

1,if [Vz(x,y)| > 13

0, otherwise (9.7)

Slopemask (xr y) = {

After performing all necessary computations, we obtained the slope mask, depicted in Figure
41.

Figure 41 - slope mask with slope values > 13°
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Having obtained the raster slope mask, it then went through a polygonization process, i.e., it
was converted from raster to vector data. This was performed to ensure that it would be
possible to perform the intersection between the slope mask polygons and the segmented
vineyard polygons, obtaining this way exclusively vineyard polygons contained within
terrain with a slope higher than 13°. The result of the polygonization, overlapped with a

subset of a segmented vineyard mask can be observed in Figure 42:

Figure 42 - Slope mask overlapped with the segmented vineyard
mask

Finally, the intersection process of both vector masks was performed, obtaining the final

vineyard terrace mask, depicted in Figure 43:
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Observing the vineyard terrace mask, it is possible to verify that most of the vineyard terraces
of this region are adjacent to the Douro River, built within the rocky terrain over the Douro
valley. Performing a closer inspection to a subset of the previous figure, Figure 44, one can
infer that, overall, most of the vineyard terraces of that subset region are accurately

represented over the segmented terrace mask.

»

Figure 44 - Subset of the previous vineyard terrace mask

From these vector masks, since they use the EPSG:3857 coordinate reference system (CRS),
also designated as WGS 84 / Pseudo-Mercator, not only is it possible to visually and
geographically identify vineyard terrace regions, but also calculate useful metrics from them.
Taking Figure 44 as an example, we can calculate the respective geometry attributes

information of the represented polygons, as depicted in Figure 45:

Q Added geom info — Features Total: 6, Filtered: 6, Selected; 0

: & 5T E P P EE A

fid DN id class area ¥ perimeter
1 53759 1 1335 vineyard 5227705.5... 60729.35...
2 53759 1 1936 vineyard 391352.46... 6328.972...
3 53759 1 1134 vineyard 90649.754... 1649.063...
4 53759 1 1110 vineyard §3939.887... 2045.873...
5 35103 1 1335 vineyard 1292.5064... 143.8057...
6 34911 1 1335 vineyard 1292.5064... 143.8057...

Figure 45 - Geometry attributes information
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From the former figure, it is possible to infer that the total number of segmented vineyard
terrace polygons in Figure 44 is 6, with the larger polygon having a perimeter of
approximately 60,729 m and an area of approximately 5,227,706 m? and the smallest

polygon a perimeter of approximately 144 m and an area of approximately 1293 m?2.

The total occupied perimeter by vineyard terraces identified with the modified DeepLabV3
model in Figure 44 amounts to approximately to 71,041 m with an approximate area of
5,796,233 m?, thus demonstrating valuable information for an efficient management of this
World Heritage Site.
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10. Discussion & Conclusions

In this chapter we will discuss the overall progress, results and challenges faced during the
making of this dissertation, and provide with the conclusions obtained from the developed

work.

10.1. Discussion

In this study we performed three different techniques in an effort to identify vineyard features

within the Sentinel-2 images.

Given the spatial resolution limitations to identify such small features in very large regions,
the overall behaviour of all three techniques delivered the best achievable results, although
not meeting the desired expectations.

The first technique, segmentation using band indices, discerns the worst results out of the
three, with vineyard and non-vineyard features mixture within the same region both in the

vegetation as well as in the non-vegetation region.

The second technique, segmentation using traditional machine learning techniques, provided
better results, and a more complete metric assessment was viable to perform. Unfortunately,
the outcome of the metrics of all models trained were below a satisfactory level, with
complex features such as the vineyards not being correctly predicted within the expected
range. For this reason, we continued the search for a more suitable technique to identify these

features.

Of the three techniques and several models trained within the last two, the model that yielded
the best test performance was attained using the third and last technique explored in this
study: a deep learning approach for vineyard segmentation, respectively, a convolutional
neural network, with its model relying on the modified DeepLabV3 architecture with the
ResNet101 backbone, trained with a batch size of 32 with 256x256 image chips with data
augmentation for 100 epochs and without a bias parameter in the first convolutional layer,
failed to generalize the predictions on a different testing scenario.

Although the model failed to meet the first test scenario metric results, in a scenario with a

smaller concentration of vineyard plantations, it performs satisfactorily in regions with a
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higher vineyard density. If we apply this model on regions where we know there exists
vineyards a priori, the results improve greatly.

Better results could be extracted using the DL methodology, studying the behaviour of other
semantic segmentation architectures, including the ones excluded in the beginning of
Chapter 8, and also the U-Net architecture, which provided good results in other semantic

segmentation articles.

Other variables that could impact the metric results of the model are the class distribution,
which, as we have seen, this dataset has an inherent high class imbalance. Given the
availability of more time and computational resources, the training and testing of more data
augmentation variations and combinations could be performed, increasing the probability
that the model would discern better results. The experiment of other data preprocessing
techniques, such as feature selection of the Sentinel-2 band may also improve metric results
and training time by only selecting bands relevant to the identification of vineyard features.
Another variable that could improve metric results is the training and testing of other
randomly split sets. As we have seen, the model’s performance on the test dataset didn’t

correspond to the actual metrics on a more accurate representation of a real test scenario.

Regardless of these results, the previously obtained segmented vineyard mask was combined
with a slope mask derived from SAR altimetry data, in order to obtain a higher confidence
that the vineyards segmented are located within terraces. To do this, an intersection between
both vector data was performed, and a final vineyard terrace mask was created. Although it
shouldn’t be taken as a high confidence or true vineyard terrace segmented mask, it could
provide not only UNESCO and state site managers or conservation officers, but also farmers,
agricultural engineers, wine producers and other interested parts a rough estimation of
whether the terrain is used for vineyard plantations and whether or not it is inserted in a

terrain or in a lowland field configuration, in any time of the year.

A more precise estimation could be performed if we combine the altimetry data with the
vineyard polygons directly extracted from the COS2018. However, it's worth noting that the
data is already 6 years old, which could arguably be considered legacy data in order to
perform a more recent land study. New vineyard regions may have emerged, while others
might have disappeared during such a long period of time. Hence, there is a need for a

product that could remain available and updated all-year round.
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10.2. Conclusions

In conclusion, this study aimed to identify vineyard features within Sentinel-2 images using
different techniques, with a primary focus on the DeepLabV3 model, as an alternative
method to already labour intensive existing ones, to assess vineyard terrace conservation and

preservation.

Despite significant efforts, the spatial resolution limitations of Sentinel-2 imagery posed
challenges in achieving optimal results for the identification of such small features in vast
regions. Given that the comparative study between high and very-high resolution satellite
images in order to identify vineyard terraces in the Douro region, planned in the beginning
of the dissertation, was not able to be performed due to data acquisition limitations, an
analysis of the differences in metrics given by the different spatial resolutions could not be
developed. Regardless, it is expected that better spatial resolutions will lead to the models
ability to better differentiate between the vineyard features and the other background features
present in the images.

While the segmentation using band indices and the segmentation through traditional machine
learning techniques displayed less satisfactory outcomes, the segmentation using a deep
learning approach showed some improvement, yet did not meet the desired metrics for

identifying complex vineyard features.

The best test performance was achieved with a convolutional neural network, specifically
the modified DeepLabV3 model with the ResNet101 backbone. However, its generalization
on a different testing scenario proved less effective, indicating the need for further

refinement to suit both dense and non-dense vineyard scenarios.

Future work should explore the use of other semantic segmentation architectures, such as
the U-Net and FCN models. By investigating these different architectures, we can assess
their potential to yield better results than the DeepLabV3 architecture used in this study.
Studying the application of the ResNet50 backbone architecture could also be advantageous
to analyse the differences in the metrics from the ResNet101 and determine if the results
yield by the Resnet101 outweighs its computational cost. Additionally, addressing class
distribution imbalances from the dataset, i.e., vineyard and background features, and
employing more extensive data augmentation techniques with increased computational

resources could enhance the model's performance.
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Despite the challenges inherent to the segmentation processes developed in this dissertation,
the resultant segmented vineyard mask, when combined with slope data derived from SAR
altimetry, offers a valuable tool for obtaining a preliminary estimation of vineyards within
terrace terrain configurations. This information could benefit various stakeholders, both

private and public.

As part of future improvements, efforts should be directed towards enhancing the cloud
removal algorithm which could rely on a machine learning model on itself to segment the
desired cloud features we want to intersect and remove from the vineyard mask, further
developing the SentProd library for production-level deployment, and consider the
seasonality factors to ensure year-round vineyard identification, leading to a higher
availability of the vineyard terrace segmentation products of the region.

Furthermore, comparing the results using very-high resolution imagery, such as GEOSAT-
2, could yield valuable insights into refining the analysis and identification of vineyard

terraces.

Ultimately, while the study acknowledges the limitations and areas for improvement
encountered in the different methods used, the obtained vineyard mask, when combined with
altimetry data, serves as a valuable resource for preliminary assessments of the presence and

area occupied by vineyard terraces.
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