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ABSTRACT

‘Flavescence dorée’ is a contagious and incurable disease present on the vine leaves. In order to contain the
infection, the regulations require growers to control each of the vine rows and to remove the suspect vine
plants. This monitoring is done on foot during the harvest and mobilizes many people during a strategic period
for viticulture.

In order to solve this problem, the DAMAYV project (Automatic detection of Vine Diseases) aims to develop a
solution for automated detection of vine diseases using a micro-drone. The goal is to offer a turnkey solution
for wine growers. This tool will allow the search for potential foci, and then more generally any type of vine
diseases detectable on the foliage. To enable this diagnosis, the foliage is proposed to be studied using a
dedicated high-resolution multispectral camera.

The objective of this PhD-thesis in the context of DAMAYV is to participate in the design and implementation
of the Multi-Spectral (MS) image acquisition system and to develop the image pre-processing algorithms,
based on the most relevant spectral and textural characteristics related to ‘Flavescence dorée’.

Several grapevine varieties were considered such as red-berried and white-berried ones; furthermore, other
diseases than ‘Flavescence dorée’ (FD) such as Esca and ‘Bois noir’ (BN) were also tested under real
production conditions. The PhD work was basically performed at a leaf-level scale and involved an acquisition
step followed by a data analysis step.

Most imaging techniques, used to detect diseases in field crops or vineyards, operate in the visible
electromagnetic radiation range. It turns out that for disease detection, when the symptoms are already present,
the visible may be sufficient, although the colorimetric information is not the only one to consider. In our case,
it is advised to detect the disease as early as possible, the information of the visible spectrum does not seem
sufficient and it is therefore necessary to investigate broader information. Reflectance responses of plant leaves
can be obtained from short to long wavelengths with convenient sensors. These reflectance signatures describe
the internal constituents of leaves. This means that the presence of a disease can modify the internal structure
of the leaves and hence cause an alteration of its reflectance signature.

A spectro-radiometer is used in our study to characterize reflectance responses of leaves in the field. Several
samples at different growth stages were used for the tests. To define optimal reflectance features for grapevine
disease detection (FD, Esca, BN), a new methodology that designs Spectral Disease Indices (SDIs) has been
developed. It is based on two dimension reduction techniques, coupled with a classifier. The first feature
selection technique uses the Genetic Algorithms (GA) and the second one relies on the Successive Projection
Algorithm (SPA). The new resulting SDIs outperformed traditional Spectral Vegetation Indices (SVIs) and
GA performed, in general, better than SPA. The features finally chosen can then be implemented as filters in
the MS sensor.

In general, the reflectance information was satisfying for finding infections (higher than 90% of accuracy for
the best method) but wasn’t enough. The images acquired with the developed MS device can further be pre-
processed by low-level techniques based on the calculation of texture parameters. Several texture processing
techniques have been tested but only on colored images. A method that combines many texture features is
elaborated, allowing to choose the best ones. We found that the combination of optimal textural information
could provide a complementary mean for not only differentiating healthy from infected grapevine leaves
(higher than 85% of accuracy), but also for grading the disease severity stages (higher than 73% of accuracy)
and for discriminating among diseases (higher than 72% of accuracy). This is in accordance with the hypothesis
that a MS camera can enable detection and identification of diseases in grapevine fields.

The first experiments of the whole system “sensor-UAV” will be done during future acquisition campaigns in
20109.

KEYWORDS: grapevine diseases detection, multispectral sensor, vegetation indices, genetic algorithms,
successive projections algorithm, texture analysis, feature selection, classification.



RESUME

La Flavescence dorée est une maladie contagieuse et incurable de la vigne détectable sur les feuilles. Pour
contenir ’infection, la réglementation impose aux producteurs le contrdle des rangs de vigne pour éliminer les
plants suspects. Ce suivi se fait & pied pendant la récolte, et mobilise de nombreuses personnes pendant une
période tres stratégique en viticulture.

Pour résoudre ce probléme, le projet DAMAYV (Détection Automatique des MAladies de la Vigne) a été mis
en place, avec pour objectif de développer une solution de détection automatisée des maladies de la vigne a
I’aide d’un micro-drone. Cet outil doit permettre la recherche des foyers potentiels de la Flavescence dorée,
puis plus généralement de toute maladie détectable sur le feuillage a I’aide d’un outil multispectral dédié¢ haute
résolution.

Dans le cadre de ce projet, cette thése a pour objectif de participer a la conception et a I’'implémentation du
systéme d’acquisition multispectral et de développer les algorithmes de prétraitement d’images basés sur les
caractéristiques spectrales et texturales les plus pertinentes reliées a la Flavescence dorée.

Plusieurs variétés de vigne ont été considérées telles que des variétés rouges et blanches; de plus, d’autres
maladies que ‘Flavescence dorée’ (FD) telles que Esca et ‘Bois noir’ (BN) ont également été testées dans des
conditions de production réelles. Le travail de doctorat a été essentiellement réalisé au niveau feuille et a
impliqué une étape d’acquisition suivie d’une étape d’analyse des données.

La plupart des techniques d'imagerie, utilisées pour détecter les maladies dans les grandes cultures ou les
vignobles, opérent dans le domaine du visible. Il s'avére que pour la détection de la maladie lorsque les
symptdmes sont déja présents, le visible peut étre suffisant, bien que les informations colorimétriques ne soient
pas les seules a devoir étre prises en compte. Dans DAMAYV, il est conseillé que la maladie soit détectée le
plus tot possible, I’information du spectre électromagnétique visible semble donc insuffisante. Des
informations spectrales plus larges sont nécessaires, notamment dans I’infrarouge. Les réflectances des feuilles
des plantes peuvent étre obtenues sur les longueurs d'onde les plus courtes aux plus longues avec des capteurs
convenables. Ces réflectances sont intimement liées aux composants internes des feuilles. Cela signifie que la
présence d'une maladie peut modifier la structure interne des feuilles et donc altérer sa signature.

Un spectro-radiomeétre a été utilisé sur le terrain pour caractériser les signatures spectrales des feuilles a
différents stades de croissance. Afin de déterminer les réflectances optimales pour la détection des maladies
(FD, Esca, BN), une nouvelle méthodologie de conception d'indices de maladies (SDIs) basée sur deux
techniques de réduction de dimensions, associées a un classifieur, a été mise en place. La premiére technique
de sélection de variables utilise les Algorithmes Génétiques (GA) et la seconde s'appuie sur I'Algorithme de
Projections Successives (SPA). Les nouveaux SDIs résultants surpassent les indices de végétation spectrales
(SVIs) traditionnels et GA était en général meilleur que SPA. Les variables finalement choisies peuvent ainsi
étre implémentées en tant que filtres dans le capteur MS.

Les informations de réflectance étaient satisfaisantes pour la recherche d’infections (plus que 90% de précision
pour la meilleure méthode) mais n’étaient pas suffisantes. Ainsi, les images acquises par I’appareil MS peuvent
étre ensuite traitées par des techniques bas-niveau basées sur le calcul de paramétres de texture. Plusieurs
techniques de traitement de texture ont été testées mais uniquement sur des images couleur. Une nouvelle
méthode combinant plusieurs paramétres texturaux a été élaborée pour en choisir les meilleurs. Nous avons
constaté que les informations texturales pouvaient constituer un moyen complémentaire non seulement pour
différencier les feuilles de vigne saines des feuilles infectées (plus que 85% de précision), mais également pour
classer le degré d’infestation des maladies (plus que 74% de précision) et pour distinguer entre les maladies
(plus que 75% de précision). Ceci conforte I’hypothése qu’une caméra multispectrale permet la détection et
I’identification de maladies de la vigne en plein champ.

Les premiers essais du dispositif « capteurs-drone » se dérouleront lors de la future campagne d’acquisition de
2019.



MoTs-CLES : détection des maladies de la vigne, capteur multispectral, indices de végétation, algorithmes
génétiques, algorithmes de projections successives, analyse de texture, sélection de caractéristiques,
classification.
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CHAPTER 1. INTRODUCTION

CHAPTER 1
1 INTRODUCTION

France has a reputation for producing wine of high quality. Around 790,000 hectares of vineyards
can be found in over seventy departments and thirteen regions within France [1]. The economic and
territorial development of the country highly relies on the wine and vine sector. In fact, the sector
provides employment to around 100,000 people directly and 500,000 people indirectly. Furthermore,
among the seven billion bottles of wine produced every year, more than 147 million are exported with
a total value of 7 billion euros [2].

Since the main losses in this sector are due to diseases, a continuous protection approach is required,
which means that fungicides/pesticides are uniformly sprayed in vineyards at regular and frequent
intervals. More than ten treatments are carried out per season in several of the main wine-producing
regions. Thus, it is crucial to detect initial symptoms of diseases in order to target their treatment
selectively, preventing and controlling the formation of infection and its epidemic spread to other
patches or even to the whole vineyard.

Currently there are two widely-used techniques for in-field disease detection: naked eye observations
and biological approaches. Visual inspection is the most used technique for grapevine monitoring. It
is a relatively easy approach when visual symptoms characterizing a certain disease are visible.
Nevertheless, the accuracy of the diagnosis is always subjective. Although symptoms provide
important information on the nature of diseases, one cannot make a decision upon appearance only.
Usually, other confirmatory tests are performed after visual inspection to ensure an accurate
diagnosis. The additional tests are usually biological ones. They have revolutionized the identification
and quantification of pathogens and diseases. Under this category, we can find serological and
molecular tests. The Enzyme-Linked Immunosorbent Assay (ELISA) is a serological method that
relies on the proteins produced by a pathogen. The Polymerase Chain Reaction (PCR) is a molecular
technique that depends on the specific DNA (Deoxyribo Nucleic Acid) sequences of a pathogen.
There are many variants of the polymerase chain reaction and the enzyme-linked immunosorbent
assay techniques that can be used for detecting different pathogenic viruses and bacteria in plants.

The above-mentioned biological tests have their limitations. To obtain reliable and accurate results,
a definite procedure must be used, especially during sample preparation (collection and extraction),
which implies more labor and more time. In order to be more effective, the biology-based techniques
must directly be used in the field.

These mentioned traditional techniques are not capable of detecting early stages of disease
development. An ideal system should localize the initial symptoms and manage the treatments to
prevent the infection from growing in the vineyards. The control of grapevine diseases would greatly
benefit from an innovative, rapid, non-invasive sensing of vegetation status. Remote Sensing enables
the gathering of information about an object, area or phenomenon at a distance. It can be adapted for
the identification of crop diseases based on the assumption that the stress induced by the pest modifies
the physiological structure of the plant and affects the absorption of light energy and reflectance
spectrum.

In this context, a new French collaborative project called DAMAYV (Détection Automatique des
MAladies de la Vigne - Automatic Detection of Grapevine Diseases) was initiated between many
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industrial and academic institutions. It aims to detect in-field grapevine diseases, especially
‘Flavescence dorée’ (FD) by Unmanned Aerial Vehicle (UAV) imagery (Figure 1.1). The DAMAV
project combines the advantages of using an aerial platform with a multispectral imaging tool.

Figure 1.1 UAV equipped with a camera for grapevine disease detection.

FD is propagating in French vineyards inducing economic impact. There is no efficient, fast and in-
situ solution and the monitoring takes a lot of time and mobilizes many human resources. The period
of inspection is short and takes place during harvest; observations are made vine per vine and it is not
certain that the entire vine will be checked. Finding a method that automatically inspects the vineyard
instead of the winegrowers is an interesting challenge and might be of great interest for the viticulture
domain. As the majority of infections appear during the harvest period, a control solution based on
the use of no-contact sensor becomes even more interesting. Among the proxy-detection aerial image
acquisition techniques, UAV-imaging is a booming technology that offers interesting advantages over
remote sensing by satellite or manned aircraft. To control the FD spread, which is highly contagious
and incurable, it is essential to detect any outbreaks as early as possible. Instead of using a regular
camera that could only detect visible information, a MS sensor is employed. This sensor is able to
acquire not only visible but also near and short-wave infrared information which may offer an
advantage in detecting the occurrence of diseases early in time.

The DAMAYV project involved many partners:

- Novadem, project leader, has UAV specialists while Airbus Defense & Space (D&S) offers
expertise in navigation, both of them will make sure that the UAV can navigate correctly to
capture the images.

- Global Sensing Technologies, can acquire and process images; UMR Agroecology provides
researchers in agricultural imaging, together they will build the image acquisition and
processing chain.

- Fredon Provence-Alpes-Cote-d’ Azur, office of vines and wines of the Burgundy region
and Bernard Magrez domain from Bordeaux have expertise in grapevine diseases and will
offer the testing fields.
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The results and products of this project will reduce costs with respect to the use of traditional diagnosis
techniques and will enhance the yield that dropped due to FD. The project also has an environmental
impact since it tends to reduce the use of phytosanitary products: instead of being applied uniformly
for prevention, they will only be used on detected foci.

The present PhD-thesis was part of the DAMAY project. Its objective was to participate in the design
and implementation of a MS image acquisition system. This is done by defining the most relevant
reflectance and image characteristics related to FD and possibly other grapevine diseases.

In the scientific literature, reflectance and image data were found capable of detecting some
grapevine diseases like Mildew and Grapevine Leaf Roll on one grapevine variety usually, is it
the case for other infestations? How about testing other infestations on many varieties? To
answer this question, we consider in this study reflectance and image data of healthy and diseased
grapevine samples affected by three different infections (FD, BN, Esca) on multiple red and white
varieties. The majority of the studies analyzing reflectance data for crop disease detection were done
inside a laboratory under controlled conditions. A specific disease is inoculated into a specific plant
and the data is acquired and analyzed with time. However, some diseases such as FD for vines are
contagious and very difficult to cultivate in a laboratory so they need to be studied under production
conditions immediately. We collected hyperspectral reflectance data and color images from grapevine
fields during our campaigns but then how can we insure the reliability of reflectance and image
data acquired under real field conditions? To answer this question, we defined repeatable protocols
to ensure a correct acquisition of the data. From this, another question arised, is our reflectance data
acquired under field conditions capable of detecting diseases? How about discriminating among
these diseases? For this question, a visual and statistical analysis was done to see at what extent the
reflectance data could identify grapevine diseases. If reflectance data is really beneficial, then how
can we define general optimal reflectance features capable of detecting a specific disease? For
this question, some traditional and new methods for variable selection are proposed and compared in
order to assess the potential of few reflectance features in grapevine disease detection. For a MS
imagery practical case, having the minimal number of permitted bands (four), how can we
exactly define these four optimal reflectance features? For this question, an extension of the
variable selection methods was put in place. It consisted on designing new indices that are disease
specific (SDIs) and suggested better results than the traiditonal vegetation indices (SVIs) found in the
literature. After detecting grapevine diseases with reflectance features, what other image related
features could be adopted for discriminating these diseases? Here, texture features are extracted
from images and are investigated in grapevine disease identification. In addition, a method for
selecting the best texture features is presented.

In general, the imaging technology isn’t much used in grapevine crop lands; the amount of work that
has been employed to automate the visual detection of vine infections is small with respect to the
major impact of those diseases on wine quality. There is still much space for improvement: firstly,
the most successful work to date has not been done under production conditions. Secondly, we should
be able to detect the disease early when symptoms are not yet clear. Thirdly, a vine disease must be
studied in many cultivars including white and red-berried ones. Fourthly, the work that has been
undergone mainly targeted the detection of powdery and downy mildew and GLD in grapes so we
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should explore the potential to identify other diseases and stresses. Our PhD work actually tries to
cover those mentioned improvements.

Our work contains a data acquisition phase and a data analysis phase. In our acquisition campaigns,
we performed the complete reflectance measurements at a leaf level scale. In practice, the first
campaigns started in the summer of 2016. The reflectance acquisition was dedicated at that time to
FD and was conducted in the French Provence-Alpes-Céte-d’ Azur (PACA) and Burgundy regions.
Reflectance is measured with a suitable instrument and color images were also recorded in addition
to reflectance to keep track of the spatial information of leaves. After these first measurements, we
focused on reflectance analysis and identified discriminating reflectance features. In the summer of
2017, the reflectance and color image acquisitions were performed in new regions, Nouvelle-
Aguitaine and Burgundy in addition to PACA. We also considered other diseases, ‘Bois Noir’ and
Esca, in addition to FD. We found that reflectance features succeeded in disease detection but weren’t
enough for disease identification, so we started considering other features. Texture computation
showed great potential in the scientific literature in disease discrimination so we employed it to
enhance our analysis. In 2018, a texture analysis was put to place and was tested on RGB images.
Texture features gave promising results.

Our work serves the DAMAYV project; in fact, the reflectance features found will be implemented as
filters. Furthermore, texture analysis correctly identified diseases on colored images. Hence, they are
expected to be re-tested on MS images. Necessary corrections will be later needed in order to take
into account passing from the leaf-level to the whole grapevine level or even to the canopy level with
the MS sensor and the UAV.

1.1 ORGANIZATION

Our work involves a detailed reflectance analysis along with an assessment of the potential of texture
analysis on RGB images that is expected to be later examined on MS images. This manuscript
contains seven Chapters:

CHAPTER 1 explains the aim, the organization and the main contributions of the PhD work.

CHAPTER 2 shows how remote sensing was applied in the agricultural field for disease detection
directly under production conditions and then a special focus is given to only one crop, grapevines.
The grapevine diseases considered in this thesis are also presented with some state-of-the-art studies.

CHAPTER 3 presents how the reflectance and image data were measured and details the corresponding
protocols.

CHAPTER 4 describes the reflectance data analysis. Reflectance data alone was capable of detecting
the presence of a disease but was uncapable of grading the stage of an infection or differentiating
among various infections. Since the reflectance is of high dimensionality, a dimension reduction
technique, and in particular, a variable selection technique, is needed. A traditional method of variable
selection used in the scientific literature and based on Spectral Vegetation Indices (SVIs) is first
explained. Then, two methodologies that couple two different feature selection techniques (genetic
algorithms and successive projection algorithm) with a K-Nearest Neighbors classifier are proposed.
For the practical case of MS imagery, we introduced a novel methodology for designing indices that
are disease-specific (SDIs). To our knowledge, this is the first time the successive projection
algorithm is coupled to KNN for the purpose of feature selection. Although the genetic algorithm was
already coupled to KNN for feature selection in previous studies, it is the first time that this coupling
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is employed for an agricultural application. To our knowledge also, this is the first time a spectral
disease index is created having our proposed particular form, and this is also the first time a spectral
disease index is ever created based on genetic algorithms or successive projection algorithms. The
new spectral disease indices based on the two feature selection methods demonstrated better results
than using the complete spectral data or traditional SVIs. The selected features that are the result of
the practical reflectance analysis are of great value in the design of the multispectral sensor, in fact
the chosen features can be implemented as filters in the final sensor.

CHAPTER 5 exposed the texture analysis to further describe the infection appearance; this helped us
in not only identifying a contamination but also grading its severity stage. The ReliefF algorithm was
previously used to select the optimal textural features for disease identification in the medical field.
To our knowledge, this is the first time it is actually applied on texture data in the agricultural field.
Texture processing was only tested on colored images but is expected to be later used on MS images.

CHAPTER 6 presented the outcome of both reflectance and texture data analysis. A cross-test between
different varieties (red and white berried vines) was done for reflectance data and another one between
different regions (or diseases since in each region we studied one disease) was done for texture data.

CHAPTER 7 contained the conclusions and the perspectives of this work.

1.2 CONTRIBUTIONS
The multidisciplinary work done in this thesis allowed establishing the following main contributions:

e Definition of reproducible protocols for reflectance and image data acquisition directly under
field conditions.

e Visual demonstration of how the reflectance pattern changes with respect to the grapevine
variety and to the occurrence of a disease. Generally, a different pattern is seen for healthy
and contaminated reflectance signatures. However, two diseases on similar varieties expressed
similar reflectance patterns.

e Revelation of the weakness point of our sensing technique; in fact, reflectance information
can detect the presence of a disease but may be unable to identify it or grade it.

e Assessment of the potential of traditional SVIs in detecting different diseases on various
grapevine varieties. Definition of the best SVIs for grapevine disease detection.

e Proposition of a methodology for designing new disease-dedicated indices (SDIs). Two
feature selection techniques were tested and expressed better results than traditional indices
in detecting some grapevine infections on many varieties. This is the principal contribution of
our work.

e Assessment of the potential of traditional textural features in discriminating diseases and
grading their severity level. Definition of the best texture features for grapevine diseases and
their optimal combination. The importance of texture as complementary information to
reflectance features was hence demonstrated.

The main contribution of this PhD is providing a methodology that could be generalized to
automatically detect and identify any disease or stress on any type of vegetation.
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CHAPTER 2

2 REVIEW OF REMOTE SENSING TECHNIQUES FOR IN-
FIELD FOLIAR DISEASE DETECTION: APPLICATION TO
VINEYARD

2.1 INTRODUCTION

Generally, the spread of a disease in a field is not homogeneous and has a patchy behavior; therefore,
sometimes pesticides are applied to some disease-free areas. In the ideal case the areas where the
disease is present are defined and sprays are only applied to those infected parts of the field.

Plant disease monitoring is often defined as the detection of a disease early in time, the distinction
among different diseases, the separation of diseases from abiotic stresses and finally the quantification
of disease severity.

When a specialist determines the onset of symptoms, the presence of the infection is verified using
some disease detection techniques. Presently, the plant disease detection methods available are
Enzyme-Linked ImmunoSorbent Assay (ELISA) and Polymerase Chain Reaction (PCR). Despite the
availability of these techniques, a fast, accurate and selective method is needed not only to replace,
to some extent, the inspectors but also to target the infection in its early stages and control its spread.

Remote Sensing (RS) technologies have progressed tremendously since several decades. Consisting
of a platform holding a sensor, RS technologies have the potential, for instance, to enable direct
detection of foliar diseases under field conditions. However, many of the studies found in the literature
are performed under controlled conditions, not taking into account direct in situ measurements under
real production conditions; therefore they will not be considered here.

In this Chapter, we begin by assessing the possible in-field foliar disease detection techniques for
different crops with emphasis on the RS methods (analysis techniques, platforms and sensors), the
advantages and limitations of various sensors technologies for crop protection in precision pest
management.
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The Figure 2.1 summarizes some of the methods that might be used for in-field disease detection.

In-field disease

detection
Biological Visual Remote sensing
techniques assessment techniques
Serolc‘)gical Molet.:ular Analysis Platform Sensor
Techniques Techniques
ELISA PCR

Figure 2.1 Different in-field disease detection techniques.

We also present in this Chapter, some recent studies that employed RS techniques to detect crop
diseases directly under field conditions. A special emphasis is given afterwards to the vineyard sector.
We discuss, in details, the grapevine diseases considered in the context of the thesis and, later, we
study the potential of RS in detecting infections (early or not) in vineyards.

2.2 CURRENT REMOTE SENSING TECHNIQUES USED FOR DISEASE DETECTION IN THE
FIELD

Visual inspection is a subjective procedure since it depends on the pathologist’s experience and it is
affected by temporal change. Moreover, the expert should be present for permanent monitoring which
means that visual diagnosis is also expensive mainly in the case of wide canopies. Symptoms are
generally a good indicator of a disease; however, it is not advised to make a decision only based on
visual assessment. In addition to symptomatology, more tests are done to confirm the presence of an
infection [3].

For instance, biology-based techniques have revolutionized the identification and quantification of
pathogens and diseases. In the pool of serological methods, the ELISA technique is often used.

The antigen specific to a pathogen is first identified and purified. It is then injected to immune
animals. Antibodies are formed in response and can be extracted from the animals. Enzymes have the
capacity to associate with antibodies; the resulting molecule is serologically active and can be
recognized even at low concentrations. Enzymes provide effective labels and act on some substrates
by changing their colors. Once the sample fluoresce this means that the antibody is present and the
rate of color change gives an indication about the amount of existing antibodies. This confirms the
presence of a particular plant disease. Note that the enzyme label may be attached directly or indirectly
to the antibody specific to a certain antigen. ELISA has the advantage of being stable, inexpensive
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and safe to use and can be used successfully without sophisticated equipment. In fact, ELISA Kits are
widely available because of their low costs compared with other detection methods. However, ELISA
is somewhat time consuming, labor-intensive and has low potential for spatialization.

One of the most popular molecular techniques is probably the PCR technique. This technique is
adopted to create many copies of a Deoxyribo Nucleic Acid (DNA) target. The target is placed in a
tube containing primers, free nucleotides and a DNA polymerase enzyme. The primers are small DNA
sequences that stick to the beginning and the end of the DNA target. The sample is then placed in a
PCR machine. The machine automatically increases and decreases the temperature of the mixture.
The DNA polymerase begins to synthesize new segments of DNA starting from the primers. The
newly formed DNA copies serve as templates in following cycles, which allows the PCR technique
to amplify the DNA target millions of times. The DNA of a microorganism causing a plant disease is
extracted, purified, and amplified exponentially. A gel electrophoresis is performed; when a specific
band in gel electrophoresis is found, this confirms the presence of the disease.

The affordable Kits, reagents and equipment make PCR available for easy use. The technique is
effective but is usually applied to confirm diagnosis after symptoms appear. This means that this
method is unable to detect early infections and is actually quite unreliable before symptoms appear.
Also, similarly to ELISA, PCR is time consuming, labor-intensive and spatialization is difficult.
Moreover, for the two previous most common biological techniques, there is a procedure that should
be well-respected during the preparation of the samples and the analysis, allowing the results to be
accurate and reliable.

More information on the various approaches applied for identifying virus and bacteria in crops, with
special emphasize on PCR and ELISA based techniques and their variants can be found in [4].

Thus, innovative tests that are capable of directly detecting pathogens under natural conditions and
not only in the laboratory are needed.

Remote sensing gathers data about a remote phenomenon without direct physical contact. It involves
registering reflected or emitted energy from an object and then process, analyze and apply that data.
Remote sensing tools can not only acquire electromagnetic energy such as visible and infrared light,
thermal radiation and microwaves. Remote sensing is also able to monitor the vegetation status
remotely, evaluate the crop spatial features, vigor and health demands. Novel developments using
different types of platforms, highly sensitive sensors and multiple data analysis techniques have been
published.

2.3 ANALYSIS TECHNIQUES

Data produced by RS tools are sometimes huge, implying a computational burden. As a consequence,
in order to successfully assess plant-diseases, an adequate handling of high dimensional data is
needed. Many data processing and analysis techniques are proven to be effective particularly for
dealing with hyperspectral data.

The scientific literature of remote sensing for plant disease detection can be organized under four
categories:

- Correlation and regressions analysis of the infestation scales with respect to spectral
signatures.
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- Use of general spectral vegetation indices or derivation of specific spectral indices
characteristic of a certain disease.

- Dimension reduction techniques (feature selection/extraction) adopted for spectral data
processing

- Image analysis and classification techniques (supervised/unsupervised) to detect plant
diseases using digital images, to indicate the presence or the absence of a disease, or to
distinguish between several types of infections.

The use of a specific analysis technique remains, usually, application-dependent.

2.4 PLATFORMS
It is used to install the sensor. The platform can usually be held in strategic points or can be movable.

Ground-based RS methods such as on-board systems on land vehicles (tractors, quads ...) present
some drawbacks, they are costly and can affect the crops (injuries, soil compaction), they also risk
promoting the propagation of the disease and aerial imaging proves to be more appropriate in this
context.

Satellite imaging is clearly, at present time, not suitable for disease detection due to the limited spatial
resolution in the images. Satellite sensing can, hence, only highlight relatively large infected areas.
Moreover, satellites depend on cloud cover which makes them non-flexible. Also, their revisit time
makes them unpractical because the information may not be available when needed. On the other
hand, Aircrafts and Unmanned Aerial Vehicles don’t have these constraints and could be used
whenever needed. Acquisition equipment will have to be, however, more complex and more
expensive in the case of an air-based system than a ground-based one.

The air-based RS technology and, in particular, the use of Unmanned Aerial Vehicle (UAV), has
become a trend. Due to their flexibility and speed, UAV seem to be the best choice for monitoring
diseases directly in the field.

2.5 SENSORS

RS methods are closely linked to the device used for data collection. RS sensors, are divided into two
categories (Figure 2.2) depending on the application: spectroscopic (non-imaging) or imaging
Sensors.
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Figure 2.2 Different remote sensing sensors for in-field disease detection.

25.1 SPECTROSCOPIC SENSORS

They provide only spectral data. A reflectance signature is the percentage of reflectance emitted by a
body with respect to the wavelengths, and can be used to characterize, identify and discriminate
between objects. Indeed, each object has a special spectrum that informs about its properties and
chemical composition, peaks at particular wavelengths indicating specific components. It is obvious
that objects having similarities in their chemical composition also present similarities in their
reflectance patterns. Add to that, different concentrations of the important compounds in the tested
sample make the difference in reflectance values at some key wavelengths.

FS Fluorescence RGB | Red/Green/Blue Imaging
Spectroscopy
TS Thermal Spectroscopy | Tl Thermal Imaging
VIS-NIR S Visible-Near Infrared | FI Fluorescence Imaging
Spectroscopy
HS/MS | Hyperspectral / Multispectral

Imaging
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Among spectroscopic sensors, we mention the visible/near infrared sensors. Other technologies may
include Fluorescence Spectroscopy (FS) and Thermal Spectroscopy (TS), but thoses weren’t in the
scope of our work.

2.5.1.1 VisIBLE-NEAR INFRARED SPECTROSCOPY (VIS-NIR S)
Figure 2.3 shows the typical reflectance signature of a leaf. It was analyzed by [5] as follows:

In the visible spectral region, the high absorption of radiation energy is due to leaf pigments, primarily
the chlorophylls. Particularly, in the green region, the reflectance is low with a peak at around 550
nm. This peak accounts for the green color of plants perceived by the human eye.
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Figure 2.3 Typical reflectance signature of a green leaf (Source: [6]).
In the infrared spectral region, the reflectance increases over the range 700 to 1300 nm, but gradually
decreases to a low value at about 2700 nm. The strong absorption by a leaf in the infrared beyond
1300 nm is due to water. The high infrared reflectivity of leaves appears to be caused by their internal
cellular structure.

Outside the spectral range (400 — 2700 nm), near the short wavelengths in the ultraviolet domain or
the long wavelengths in the far infrared domain, the leaf reflectance is small and approximately
constant.

The latest studies, applying VIS/NIR spectroscopy in the field for disease detection, have used
VIS/NIR spectroscopic sensors (mainly radiometers or spectro-radiometers), hand-held, meaning that
no platform was needed. Authors in [7] studied the effect of an infestation caused by leafhopper on
leaf chlorophyll concentration and relative water content for cotton leaves. They used in their study
spectral vegetation indices and regression analysis. Similarly, in the work [8], reflectance data was
applied to assess the infestation level caused by rice leaf folder diseases. Wheat diseases were studied
in [9] and [10] with different approaches: the former used correlation analysis on vegetation indices
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to predict the virus presence and the latter applied discriminant and regression analysis to discriminate
between three wheat disease conditions.

In conclusion, spectroscopy is a simple, precise, time-efficient tool necessitating very few sample
preparation. It has the advantage of analyzing material contents, control the quality of various agro-
food products and monitor industrial operations. However, when a measurement is taken,
spectroscopy performs average calculation of the composition over only a small area of the tested
sample, which means that spatial heterogeneity is not taken into consideration.

2.5.2 SPECTRAL-IMAGING SENSORS

Imaging sensors, unlike spectral ones, provide spatial information; they enable the interpretation of
external characteristics such as size, shape, color, texture and permit the evaluation of external visible
disease symptoms. Nevertheless, the chemical composition of the sample (including moisture, fat and
protein concentrations) can’t be calculated with simple images.

When spectroscopic and imaging techniques are combined, we obtain what we call spectral imaging
sensors. These sensors collect the spectral information over contiguous wavelengths for each pixel in
an image and then produce a three-dimensional data cube (x and y represent the spatial datasets and
z represents the spectral dataset).

Among spectral imaging sensors, we mention color imaging and multispectral or hyperspectral
imaging. Other technologies may also include Fluorescence Imaging (FI) and Thermal Imaging (T1),
but thoses weren’t in the scope of our work.

2.5.2.1 REeD GREEN BLUE IMAGING (RGB 1)

A color image is the association of three wide spectral bands: red, green and blue, in this sense, a
color image can be seen as a three-dimensional data cube (X, y, A), the first two dimensions (X, y) are
the spatial dimensions (the spatial location of every pixel) and the third dimension (1) is a spectral
one. A pixel holds the captured data in the three 100-nm-wide spectral bands. These bands generally
capture the light in the blue (400 nm, 500 nm), green (500 nm, 600 nm), and red (600 nm, 700 nm)
portion of the visible optical spectrum [11]. Every pixel of a common digital color photograph will,
therefore, contain, at the same spatial location, three digital numbers to represent the amount of
radiation captured in the three broad spectral bands.

RGB images are important tools for judging plant’s vigor; they form an acknowledged technology
for disease detection, identification and quantification. A progress in the technical specifications of
the sensor was achieved over time; in particular, the light sensitivity, the spatial resolution or the
optical and digital focus are enhanced [12].

Color, grey levels, texture, dispersion, connectivity, shape parameters can be defined as features in
plant disease assessment and the selection of the most relevant features, among these, often increases
classification accuracies. Many research works are employing pattern recognition methods and
machine learning approaches to diagnose plant diseases by processing digital images.
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RGB images of five common infections of beet leaves were studied in [13] with a simple cellphone
camera. In [14] a methodology was established to identify three diseases that appear on cotton leaves
with a usual RGB camera. Both studies applied feature extraction and image analysis techniques but
used different types of classifiers.

Deep neural networks were adopted to identify 26 diseases from 14 plant varieties in the study
conducted in [15]. Authors used an available dataset containing images of contaminated and healthy
leaves and analyzed two architectures: the AlexNet and the GoogLeNet. Transfer learning gave in
general better accuracy (up to 99%) than training from scratch for both architectures. The approaches
yielded excellent results on the PlantVillage dataset which was collected in a controlled environment.
However, when the network is tested on images sampled from trusted online sources and acquired at
different conditions than those used for training, the accuracy is considerably reduced (31%). The
study concluded that a more diverse set of training data is needed to improve the general accuracy.

Hence, if we aim to automatically process digital images for crop damage examination, a standard
image capture procedure should be respected. In fact, focus, sharpness, illumination, imaging angle,
distance between the sensor and the object of interest are all parameters that affect the image quality
and should be constant in order to obtain repeatable and accurate results.

The problem with using RGB imaging is that we are not capable of detecting diseases prematurely.
This is due to the fact that three spectral bands with limited range are not sufficient to identify the
disease before its symptoms become visual.

2.5.2.2 MULTI-SPECTRAL/HYPER-SPECTRAL IMAGING (MS/HS I)

RGB devices use three spectral bands with limited range; it is an example of a 3-band multispectral
image, where each band records one of the colors red, green and blue. It is common to have more
bands in a multispectral image and even more for hyperspectral image. A detailed review was
presented in [16] including the principles of HSI and its applications in agro-food products. It was
mentioned that a spectral image is a pack of successive images of the same phenomenon each in a
different spectral narrow band. The first difference between MS and HS imaging systems is the
number of spectral bands considered; for MS, it is normally less than 10 bands while for HS, it can
be up to hundreds of adjacent and systematically spaced bands. The second difference is that MSI
offers spectra values in only few wavelengths for each image pixel, while in the HSI each pixel has a
complete spectrum. Thus, HSI stores more detailed data and therefore is more sensitive to subtle
variations in reflected energy but requires specific processing techniques capable of dealing with such
amount of information. The third difference is the spectral overlapping of bands; indeed, the spectral
bands in MSI are usually between 20 nm and 100 nm wide and can display a small spectral overlap
comparable to digital cameras. MS imagers often have adjacent bands with a little spectral gap
inbetween them (e.g., (450 nm, 500 nm), (550 nm, 600 nm)). The HS imagers, on the other hand,
have a higher spectral resolution (often a bandwidth of about 10 nm) and capture more and nearly
contiguous adjacent and not overlapping spectra [11].

A MS camera was fixed on an airborne to determine the Rhizoctonia crown and root rot infestation
scale in sugar beet lands in [17]; for that study, spectral vegetation indices and statistical analysis
were applied. On the other hand, in [18] the use of the Landsat 5 Thematic Mapper images for
surveying wheat canopies affected by streak mosaic virus was assessed. The analysis relied on using
spectral mixture analysis techniques for subpixel classification.
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A hyperspectral HyMap sensor held on an airborne made the essence of two studies: First, authors in
[19], discriminated soil-borne diseases generating stress in sugar beet planted regions using spectral
vegetation indices and Spectral Angle Mapper (SAM) classifier. Second, article [20] also used the
SAM classifier in addition to Support Vector Vachines (SVM) to detect wheat disease(s).

A combination of the two technologies MS and HS study was conducted in [21], a HS and a MS
camera were held on an airborne to survey greening disease in Citrus crops. Spectral un-mixing and
SAM classification were applied.

New sensor design and improvement are constantly suggested to make vegetation monitoring more
pleasant. For example, work [22] presented a new multispectral instrument, MAIA, for calculating
many vegetation indices in the context of agricultural multispectral analysis. MAIA has a high
resolution and frame rate frequency; it holds 9 sensors allowing a high and well-distributed number
of wavelength bands covering a range of 390 to 950 nm. On another hand, a hyperspectral system,
having the advantage of being light-weight, was introduced in [23] for rotor-based unmanned aerial
vehicle. The improvement made in the processing chain is explained and shows the potential of the
instrument in agricultural applications.

HSI/MSI are also capable of fusing spectroscopy and imaging methods, hence, they are apt to define,
on one side, the chemical contents, and on the other side, the spatial distribution of those contents in
the object imaged. Nevertheless, under real field conditions and natural illumination, many factors
can modify the spectral signatures such as: absorption and scattering of light, cloud shadows, specular
reflection, surrounding objects that can reflect illumination onto the area of interest [24]. Although
the use of a calibration strategy whenever illumination conditions change, can be efficient, but this
might be required too often in a natural environment.

The advantages and the limitations of hyperspectral images were assessed in [25]. It was mentioned
that HSI implies simplicity in acquiring data, cheap price per analysis, fast inspection, simultaneous
investigation of several compounds; it’s a non-destructive and reliable technique that doesn’t require
a sample preparation. It has the potential to detect diseases in crops, agricultural production and food,
but its application is restrained due to the price of the devices.

In addition, for rapid image capture and analysis, HSI demands a very high hardware speed; also,
calibration models are important and the use of chemometric models is often required. Another
drawback of the HSI includes the overlap of bands which makes it hard to assign pixels to specific
chemical groups (pixels are assigned as anomalous). Finally, some of the major challenges in HSI
based plant disease detection are the selection of disease-specific spectral bands and the selection of
a classification algorithm for a particular application.

HS/MS systems are probably the most interesting for detecting disease under field conditions early
in time. Each and every one of the technologies mentioned above has its own limitations. A solution
might be to integrate many sensor technologies into one more reliable system. For example, the work
in [26] combined a fluorescence imaging and a thermal imaging technique under laboratory
conditions. The concept can be extended to distinguish different kinds of pathogens damaging a given
crop, and after validation, the approach can be adopted in a greenhouse or in a cultivation surface.
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Authors in [27] indicated that a hyperspectral spectrometer and a digital camera demonstrated good
correlations with damage by greenbugs in wheat growing under field conditions.

2.6 GRAPEVINE DISEASES

France is the world’s number two wine producer. Wine growing makes up 15% of France’s
agricultural revenues while accounting for only 3% of the land area used [28]. France is the global
leader for wine exports, 30% of French wines are sold in export markets. One of the main causes that
could compromise this sector is the occurrence of diseases.

Disease recognition in grapevines, like other kinds of crops, is a complicated task [29]: (1) different
viruses can produce similar symptoms, (2) different strains of a virus cause distinct symptoms in the
same host, (3) a disease can have different signs and symptoms sometimes depending on the grape
variety, (4) several diseases can be present at the same time, (5) plants can exhibit disease-like
symptoms as a response to unfavorable weather conditions, soil mineral/nutrient imbalances, damage
caused by air pollution, and pesticides), (6) factors such as time of infection, and the environment can
influence the symptoms exhibited, (7) some diseases may induce no apparent symptoms or cause
symptomless infection.

Many grapevine diseases exist with respect to other crops. Powdery and Downy Mildew, Grey-mold,
Black-rot, Leafroll are well-known grapevine infections, however, in this thesis, a special emphasis
is given to grapevine yellows (‘Flavescence dorée’, ‘Bois Noir’) and to Esca.

2.6.1 GRAPEVINE YELLOWS

The yellowing of the grapevine has an economic impact on the vineyard. It can cause crop losses and
affect the quality of the harvest. Its epidemic character makes the fight against it essential and
obligatory. Yellowing of the grapevine alters the development of plants. It affects many plant parts,
from fruit, to growing points, leaves and canes. “Bois Noir” (BN) and “Flavescence Dorée” (FD) are
the main grapevine yellows.

All “vitis vinifera” varieties are susceptible to phytoplasmas. Some of the most sensible grapevine
species in France are Alicante, Cabernet, white Ugni, Carignan, Grenache and Chardonnay, whereas
Merlot appears to be relatively tolerant [30]. Plants infected with FD and BN may recover, but
symptoms may reoccur, sometimes years later.

FD is a highly contagious quarantine disease that is incurable in grapevines. Southern Europe is facing
a growing threat of FD outbreaks causing significant yield losses and compromising the sustainability
of viticulture. Available treatment measures consider monitoring grapevines and uprooting infested
ones in addition to using insecticides for vector containment. These solutions are costly and polluting;
they pose a real problem for organic winegrowers, violate organic viticulture and all actions aiming
to reduce pesticide use.

Phytoplasmas are bacteria in the Mollicutes class that lack cell walls. Phytoplasmas are obligate
parasites that cannot complete their life-cycle without exploiting a suitable host. In fact, in order to
survive and multiply, they enter the host cells to divert their metabolic activity. Phytoplasma strains
responsible for FD are intracellular parasites that reproduce in plant phloem and in sucking insects.
Genomic studies have demonstrated that they originated in Europe and already existed in wild plants
before being introduced into grapevines. The insect vector comes from the United States and was
likely introduced in France when American rootstocks were imported as a part of the fight against
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downy mildew and phylloxera in the early twentieth century. It is difficult to cultivate phytoplasma
under laboratory conditions, conventional techniques for their isolation, extensive cultivation, and
genome sequencing could not be exploited.

FD is difficult to detect because the three characteristic symptoms do not always appear every year
or on every shoot. To conclude the presence of grapevine yellows, three symptoms need to be
displayed on a single shoot: modification in leaf color, decline in branch lignification and death of
grapes/inflorescences. Leaf discoloration depends on the varietal, leaves in white varietals become
creamy-yellow (Figure 2.4 (a)), red varietals become reddish (Figure 2.4 (b)). One of the difficulties
in detecting the disease is that symptoms don’t always appear every year, and may only be present on
one shoot or on a small number of shoots. In addition, “vitis vinifera” varietals are not equally
susceptible to FD and may not present symptoms with equal intensity.

(b)

Figure 2.4 FD foliar symptoms on Marselan (red) (a) and Chardonnay (white) grapevine varieties (b).

The color of leaves changes; leaves rolls downward resulting in an angular form, their blade become
fragile. At the beginning, some spots appear on the surfaces of leaves exposed to the sun, then they
increase and become bands until they cover the whole surface of leaves. As mentioned before, the
color of the spots and bands is function of the cultivar.
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Flowers de-hydrate and fruits won’t appear on grapevines affected since the start of the season. Fuit
sets will become brown and shrivelled on grapevines that are infested later in the season. Fruits on
contaminated plants can fall quickly on some varieties.

Canes of affected plants don’t ripen completely; they display instead irregular green and brown bands.
These canes will look spongy and exhibit a weeping appearance. Diseased branches will show narrow
pustules and long fissures will appear at the base of weak branches. During winter, symptomatic canes
will die.

The main phytoplasma vector for “Flavescence Dorée” (FD) is the American leathopper
“Scaphoideus titanus”. The sucking insect acquires FD phytoplasma when feeding on an infected
vine. The phytoplasma then colonises the insect’s body and multiplies. One month later, the
leafhopper becomes contaminated and can transmit the phytoplasma to new hosts. It injects
phytoplasma to the new plant with infected saliva prior to withdrawing nutrients; this happens each
time it feeds. Insects remain infectious till death but phytoplasma is not transmitted to offspring. “S.
titanus™ is largely responsible for the rapid spread of the “Flavescence Dorée” in France and in
Europe.

A single generation is produced each year. Eggs are settled at the end of the season in the bark of
branches that are one year old. The insect then enters a period of suspended development due to
unfavorable weather conditions. Young insects emerge from the eggs at the end of the spring. There
are five larval developmental stages for the insect that extend over a period of 35 to 55 days (Figure
2.5) some of them are shown in Figure 2.6. The first adults usually appear at the end of July.

Figure 2.6 Development stages of S. titanus, principal vector of the FD disease. From left to right: 3" lavar stage, 5
lavar stage, adult. (Source: [32], modified).

Leafhoppers spread the disease at short distances to the adjacent fields; nevertheless, FD can be
transmitted by the human at long distances through transportation of vegetative material. When a
damaged plant material is used for grafting for example, this will spread FD in the new field. We
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should note that the FD doesn’t exist in all canes and shoots corresponding to contaminated
grapevines, hence, not all cuttings will hold phytoplasma.

At present, compulsory control measures are applied over more than half of the France’s total
vineyard area. FD is also detected across other countries in southern Europe such as Italy, Portugal,
Serbia, and also in Switzerland. Figure 2.7 shows the distribution of the FD vector in Europe and in
France respectively.
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Figure 2.7 Presence of FD in Europe (a) and in France (b). (Source: [31], modified).
It was declared as a quarantine pest by the European Union in 1993. A control of the leafhopper vector

in all graft and rootstock nurseries across France has been made obligatory by a ministerial decree;
the production of vines in wine growing regions infected with FD became closely controlled.

The disease gradually surrounds the initial foci and is transmitted by a specific leafhopper. However,
the BN doesn’t progress that fast and it is spread by another vector called “Hyalesthes obsoletus”.
Symptoms of BN are shown in Figure 2.8.

Figure 2.8 Symptoms of Bois Noir on Chardonnay grapevines in Burgundy region, France.

The presence of symptoms alone is often not enough to identify the Yellowing. In general, additional
laboratory tests are needed in order to confirm the presence of the disease.
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Current used strategies consist on removing suspected grapevines showing symptoms of FD,
supervising the nurseries to insure a production of healthy woods and apply insecticide control to
eradicate the FD vector and protect the vineyard. These treatment measures seem to be expensive and
can cause pollution. They also became a problem for winegrowers and wineries that are willing to
invest in organic viticulture.

Besides being polluting and costly, phytosanitary protection of vineyards can imply a resistance in
the long term and badly effect the environment. That’s why, on-going research is exploring new
control procedures that will decrease the use of insecticides. On one hand, these can be based on
studying the insect’s behavior. On another hands, hunting for resistant vines might offer an
environment-friendly alternative [33].

- Leafhoppers send vibrating signals to attract mates. A possible procedure would be to artificially
create other vibrating signals with the aim of disturbing the communication between males and
females. That way, the insect can no longer reproduce or will have a very limited chance to do it.

- Use of strategies based on attractive and repulsive stimulation to influence the insect’s behavior
and then attract them to a definite area where they will be destroyed.

- Seek of grapevine varieties that are naturally immune to phytoplasma. Look for graft
combinations that are resistant to FD and determine the genetic principle of this resistance.

2.6.2 [ESCA OF THE GRAPEVINE

In the literature, the term ‘grapevine trunk diseases’ refers to a number of different diseases. The most
destructive among these diseases are Esca. Esca, also known as black measles, is a complex of fungal
infections. It is a complicated dieback infection associated with pathogens and fungus that degrade
the woody part and induce foliar symptoms. The disease is, till now, poorly understood as it has not
been fully studied.

Esca usually occurs in adult plants aged 10 years or more. Esca has gained importance due to the
damage in vineyards and the economic losses that it induced worldwide. Grapevine trunk diseases
are considered to be the most fatal diseases of grapevine of the past 30 years and are quickly growing
concern in all wine producing countries. The price for the replacement of dead grapevine plants alone
is approximately predicted to be more than 1.5 billion dollars per year worldwide [34]. In the last
years, several European wine countries, such as France, Italy and Spain have noted an increase of
occurrence of the disease. Affected countries extended their research about the disease because there
is, at the moment, no definitive cure for it.

A study was conducted to assess the nature of Esca spread within commercial vineyards Nouvelle-
Agquitaine regions in France for a long period of time [35]. Another work was carried out from 2004
to 2006 in five mature vineyards in Aquitaine, France to monitor symptoms severity over time [36].
It was stated in [37] that Phaeomoniella chlamydospora is usually associated with grapevine Esca
[38].

Leaf symptoms principally appear as a stripe pattern [39], they can begin to emerge any time during
the growing season, but are mostly seen during July and August. When looking inside the trunks and
main branches, a cross-sectional cut of symptomatic shoots uncovers concentric rings of dark spots
[40]. Symptoms are often limited to an individual shoot or to shoots originating from the same spur
or cane. Symptomatic leaves can become dehydrated completely and drop too early.
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There are two forms of the Esca disease which can be distinguished depending on their severity and
their rapidity of appearance. The first is a chronic form and the second is an acute form (also called
apoplexy): it is a severe form of Esca and grapevines rarely recover from it. It results in a sudden
dieback of one or many shoots, rather than a gradual development of foliar symptoms. The apoplectic
form that kills the plants within a few days is more frequently present in Europe.

The chronic form of Esca produces symptoms inside the trunk and large branches, on the shoots and
small branches, on the leaves and on the berries.

A red striping between the veins appears for red cultivars, where, discolorations surround some
necrotic red-brown tissue (Figure 2.9). For white cultivars, a yellow color alteration may start as
small, bright-yellow spots, gradually enlarging and becoming necrotic at the center later in the season.
The spots start small then increasingly spread and fuse and eventually leave only a thin stripe of
unaffected green tissue along the principal veins.

Figure 2.9 Symptoms of Esca on Cabernet Sauvignon grapevines in Aquitaine region, France.

The main symptom is the white rot that gives to the wood a rubbery appearance. Deteriorated tissue
becomes whitish or creamy-yellow. The inside of the trunk shows a dark line that separates the
decayed wood from the wood that hasn’t rotted yet. When the mold arrives to the surface, the trunk
begins to show fissures.

Symptoms begin to appear in spring disabling the correct growth of canes as these don’t rippen
properly. During summer, some shoots or branches may collpase and cannot recover.

Brown or violet marks can appear frequently on the berries. Similarly to foliar symptoms, the
symptoms on the fruit can develop on only few berrries in a cluster, or all clusters belonging to a
single branch or several branches.

The detection of Esca is a difficult task because symptoms don’t necessarily appear every year. For
more details on the syndrome development, refer to [41].

Identifying the creatures causing the illness has brought researchers and growers one step closer to
recognizing the disease cycle and determining a management program. However, the actual
treatments relying on the use of chemical products can’t cure the grapevine. Preventive procedures
are usually applied in vineyards. Measures start with the necessity of having a healthy vine since it is
the first in the production chain. In fact, many actions are considered in the nursery before planting,
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for instance, hot water treatments is often adopted to disinfect vegetative material and produce healthy
clean plants. Other control measures are important to stop the spread of the disease. For example,
removing and pruning residues, dead branches or vines are necessary preventive techniques. It is also
advised to protect pruning wounds and to fix dead branches or shoots; if this is not possible then the
plant should be completely replaced.

NaAsO2 was an effective product used in the past to eradicate the trunk diseases through the xylem.
It was discovered that this product can be toxic for wine growers so the chemical product was
forbidden since 2003. Today, there is no fungicide that is authorized and that can be used against
trunk diseases.

Current research aims to focus again on the Sodium arsenate. But this time the idea is to understand
the mode of action of the product on the infection and try to find an alternative that isn’t toxic and
that would have the same effect. Another area of research involves the hunt for resistant grapevines
to trunk diseases. For instance, Cabernet Sauvignon, Sauvignon blanc, Mourvedre, Ugni Blanc,
Cinsault and Trousseau are found to be more susceptible to Esca that Merlot, Carignan, Roussane and
Pinot. The genetic potential immunity of vitis vinifera with respect to Esca should be considered more
seriously.

Symptoms of grapevine yellows like wilting and leaf discoloration may be confused with esca disease,
however in the case of Esca, the plant will collapse suddenly in July or August. Hence, detecting
before to planting is crucial to assure durability of newly established vineyards.

2.7 REMOTE SENSING FOR GRAPEVINE DISEASE DETECTION

Many grapevine diseases exist with respect to other crops; the most important ones are probably
Powdery and Downy Mildew, Esca, Grey-mold, Black-rot, Leafroll and grapevine yellows.

New technologies are aiming to improve precision viticulture and promising better wine and grape
quality, so interest in the application of these technologies is growing. Pesticides are applied
uniformly in the vineyard and according to a specific calendar in order to ensure a permanent
protection of the vegetation against pathogenic attacks. Since pests are the principal reason behind
losses in the vineyard sector, more than ten fungicide treatments are accomplished each season in
major grapevine planted regions around the world. There is, hence, an interest in exposing fresh
symptoms of diseases to selectively target their treatment, preventing and controlling the formation
of the infection and its epidemic propagation to broader patches or to the whole vineyard.

Remote sensing is probably one the most applied methodologies in precision viticulture due to its
robustness. It has the potential to produce a mapping of the vigor of wine-growing regions.

Some studies were found in the literature discussing the use of RS in viticulture. First study [50]
considered RS as a tool for precision viticulture and they introduced the reader to RS in general and
then reviewed its potential, applications not only on vines but also on soils. Second study [51] found
that portable near infra-red devices provide an efficient tool for product quality control analysis, so
they outlined the contemporary applications in Viticulture and other agro-food sectors. Third study
[52] presented an overview of the studies made till now for the management of vineyards by using
image processing and focused on the fundamental challenges for in-field ground-based image
acquisition and analysis.
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Current research axis of grapevine imaging include: vyield estimation, quality evaluation,
phenology prediction and finally disease detection. We will focus next on the in-field grapevine
disease detection and state the relative existing studies.

2.7.1 SPECTROSCOPY

The spectroscopic sensors used for grapevine disease detection reported in scientific literature were
mainly operative in the visible and near infra-red ranges.

2.7.1.1 VIS-NIRS

The two commercial proximal optical sensors GreenSeeker and Crop Circle were compared in [45]
for detection of grapevine downy mildew symptoms under laboratory conditions, but these sensors
have been conceived to work in the field. The experimentation used regression analysis on NDVI
(Normalized Difference Vegetation Index) values which were correlated with growing proportions of
infected areas on leaves. The results revealed that the green-seeker is more accurate in predicting the
disease’s stage. A limitation of the study involved the incapacity to conduct surveys under windy
conditions because wind can change the orientation of the leaves and NDVI had smaller values on
the abaxial surface of the leaves than on the adaxial surface.

Specific differences in vegetation indices and wavelength intervals were observed in [46] between
leaf-roll GLD (Grape Leaf-roll Disease) infected and normal grapevine leaves. A portable
spectrometer Field Spec acquired leaf reflectance under field conditions; those measurements enabled
the calculation of some well-known vegetation indices. Discriminant analysis was then employed,
providing specific parameters for detection of GLD during both non-symptomatic and symptomatic
stages of the disease in red-berried cultivars. Similarly, authors in [47] used a portable spectrometer
Field Spec to acquire reflectance measurements from GLD infected Merlot and Cabernet Sauvignon
grapevine fields in China. The disease was classified into three stages according to its infection
severity. To identify the GLD disease, a feature vector made of eleven parameters in conjunction with
a clustering algorithm called “Ant colony clustering algorithm” are employed in the study. The feature
vector was generated based on some vegetation indices to enhance the spectral differences and
spectral discrimination between diseased and healthy grapevines. The clustering algorithm is then
arranged to solve the fuzziness of the multi-spectral images and successfully identify GLD from
normal grapevine leaves.

The two last studies were capable of differentiating GLD-infected from healthy grapevines; however,
both methodologies were only tested on red-berried cultivars. As a matter of fact, white cultivars do
not express visual symptoms similar to those observed in red ones, meaning that additional research
is required before practical implementation. Moreover, the used approaches must be validated with
other stress factors and diseases than GLD to prove its general application.

2.7.2 SPECTRAL IMAGING

This section introduces the different imaging sensors used for the purpose of grapevine disease
detection in the scientific literature.

2.7.2.1 RGBI

Unlike studies where environments of systems are usually controlled in many aspects, no complex
background is present and only a single leaf is examined, work [48] presented a grape leaf disease
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investigation system that uses RGB images taken in a complex environment. Multiple grape leaves
are considered with different sizes, orientations and light conditions, using a regular digital camera.
The system was able to first segment the leaf from the background, then to extract the diseased area
from the leaf and finally to classify the disease. Even though, the system demonstrated automatic
diagnosis capability with promising performance, some difficulties were faced in extracting
ambiguous color pixels from the background of the image.

Convolutional deep neural networks were used to classify thirteen diseases occurring in many crop
species. Grapevine infections such as: wilt, mites, powdery mildew and downy mildew were
considered. Authors in [49] extended an existing database and trained their network using Caffe
framework to achieve an accuracy of 96.3%.

2722 HS/MSI

Researchers examined the effect of the viewing angle on the sensitivity of the recognition of powdery
mildew in grapevine leaves [50]. This study is conducted by applying a multispectral imaging
approach: two appropriate combinations of spectra bands (vegetation indices) were tested according
to different configurations of viewing angles for disease detection. Global results illustrated that when
the viewing angle increases, the sensitivity of powdery mildew also increases. This finding is
supposed to help in the design of an optimal automatic system capable of detecting powdery mildew
in grapevine crop areas or in other vegetation covers susceptible to this disease.

In order to scale down economic impacts related to grapevine Leafroll disease, scientists in [51],
studied the hyperspectral aerial imagery to recognize and estimate the disease severity at the vineyard
scale. The goal of the study was to specify some of the best parameters to get a better sensitivity of
disease identification. Those parameters included the radius for the pixel zone around the grapevine,
the period of seasonal changes and the factors affecting image quality.

Recently, article [52] estimated the ability of a UAV multispectral imagery to remotely separate
Flavescence Dorée symptomatic from asymptomatic hosts in four red cultivars. A set of eleven
vegetation indices and four biophysical parameters are selected as interesting for the identification of
Flavescence Dorée.

A multispectral UAV-based approach proposed in [53] and was tested on one red grapevine variety
to evaluate the presence of grapevine leaf stripe disease foliar symptoms. The Normalized Differential
Vegetation Index showed high correlation and good potential for identifying symptomatic hosts.

Finally, a merging of different kinds of imaging technologies was also studied in the context of
grapevines. Scientists in [54] explored the design of a predictive model for pest detection in grapevine
fields by processing airborne-collected Red-Green-Blue, multispectral and hyperspectral data at two
different levels of phylloxera infection in vineyards. The collection, analysis and integration of
different types of data is detailed in order to evaluate both old and new vegetation index.

The availability of a reproducible, efficient method that remotely detects and quantifies infections at
the vineyard scale has great potential for bringing automatic disease management one step closer to
become a reality. The technologies that were proposed in the above-mentioned studies give promising
results but they must be refined, because, as we can see, each time a specific disease is tested in some
specific cultivars only.
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2.8 CONCLUSION

Highly authentic and non-contact systems are required to automatically examine plant diseases. RS
devices provide the possibility to spatially locate the results; they make a valid tool capable of
identifying infections early in time [55]. RS means were found, in many studies, able to quickly
analyze crop canopies, to detect initial infections early, avoiding the spread of the contamination. RS
tools are environment friendly and provide non-destructive analysis; however, they are affected
usually by surrounding conditions and a calibration protocol is often required to compensate
interfering sources. The number of published studies in this domain has been increasing in the last
decade; however, there is still work to be done in the efforts to overcome the above-mentioned
limitations.

It is also clear that the vine is a crop of great importance in France and detecting the occurrence of
diseases by automatic RS means was highlighted in this Chapter. There are many grapevine varieties
in France, some of them are more sensible to diseases than others. The targeted diseases were
‘Flavescence dorée’, Esca and ‘Bois Noir’. The grapevine yellows include FD and BN, which have
similar symptoms and can’t be distinguished by the naked eye unless a laboratory test is undertaken.
The FD is contagious and is spread via an insect called “Scaphoideus titanus”. The Esca disease is a
complex infection that has a chronic, soft and an acute, deadly form. Current research is looking for
easy non-polluting means to reduce the negative effect of those diseases.

The tests, in this thesis, were done directly in the field in many French regions and different colored
varieties were also considered. In the next Chapter, we will demonstrate how the measurements were
acquired in the context of our study.
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CHAPTER 3
3 DATA ACQUISITION

3.1 INTRODUCTION

In the previous Chapter, we reviewed some RS techniques for in-field disease detection. Moreover,
we presented the grapevine diseases considered in the thesis and explained their symptoms, causes
and treatments.

Our study consists on gathering data from sample leaves directly from the field. In fact, among the
diseases studied, FD is a quarantine and contagious one, needing a suitable laboratory to cultivate it.
This kind of laboratory wasn’t available for our study. Furthermore, since the thesis was part of a
project that aims to detect diseases using a UAV directly in the vineyard, we decided to get closer to
the practical reality and conduct our study under uncontrolled conditions. The data were acquired at
a leaf-level scale but corrections will be made later when going to the canopy scale with a UAV.

In this Chapter, we begin by introducing some reminders about the nature of our data, then, we present
the materials needed for acquiring the data. Next, we introduce the protocols for reflectance and image
data acquisition and we finally explain the parameters that may affect the accuracy of our
measurements. The whole aim of these acquisition campaigns was to have a database to analyze, in
order to define the best discriminating reflectance bands for the MS sensor design and to check the
potential of texture analysis in grapevine disease detection. Reflectance and image data acquisition
campaigns were performed in three different French regions, considering different grapevine
varieties, different soil and climatic conditions along with multiple diseases. The protocols explained
in this Chapter and all the tuned parameters are the same for all acquisition campaigns, all varieties
and all diseases.

The main contribution behind this Chapter was the definition of reproducible protocols for a correct
acquisition of reflectance and image data under uncontrolled conditions.

3.2 NATURE OF THE ACQUIRED DATA

Before describing the data acquisition procedure, it is important to understand the basic principles of
radiance and how the surface materials interact with photons. The sun’s energy propagates through
space isotropically, so that at a given distance, the sun’s emission can be measured as Watts per square
meter [56]. Light interacts with matter in four unique ways. Transmission is when there is no
perceived attenuation of the incident radiation as it passes through matter. Reflection is when incident
radiation bounces off matter in a single expected direction. Scattering is when incident radiation is
spread out in many unexpected directions. Absorption is when incident radiation is captivated by the
matter and transformed into internal heat energy (Figure 3.1).
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Figure 3.1 Behaviors of light when interacting with distinctive surfaces (Source: [57]).

Authors in [58] define imaging spectrometry as “the acquisition of images in many contiguous
spectral bands such that for each pixel a radiance spectrum can be derived”. Raw measurements of
radiance are typically acquired as digital numbers, which characterize the intensity of a pixel for a
given wavelength. These are converted through sensor calibration information to units of radiance.
Because RS systems do not directly measure reflectance, a further conversion of radiance into
reflectance is needed to allow comparison to field and laboratory reflectance measurements. This is
done by dividing the total radiance by the radiance of a near perfect reflector. For laboratory and field
spectrometry applications, this is accomplished by collecting radiance from a material that is a near-
perfect diffuse reflector throughout the entire spectral range that is being utilized. Spectralon is the
product most generally used as a reference for reflectance target.

3.3 MATERIALS FOR DATA ACQUISITON

This section deals with the hardware and software needed for properly acquiring reflectance and
image data from leaf samples directly under field conditions.
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3.3.1 SPECTRAL DATA ACQUISITION MATERIALS

Spectro-radiometer: Spectral reflectance measurements from leaf surfaces were acquired
using a portable Spectro-radiometer (FieldSpec 3, Analytical Spectral Devices, Boulder, CO,
USA), shown in Figure 3.2.

Figure 3.2 Spectro-radiometer FieldSpec 3.

The model number was FS3 350-2500 and the serial number was 16576. Each sample data
was taken every 1 nm from 350 nm to 2500 nm using three different sensors. This was the
result of an interpolation performed by the software because the true spectral resolution of the
instrument is about 3 nm at 700 nm wavelengths and about 10 nm at 1400 or longer
wavelengths. More details about its specifications can be found in Table 3.1.

Table 3.1 Specifications of the spectro-radiometer FieldSpec 3.

Spectral range
Spectral resolution

Sampling interval

Scanning time
Detectors

Input

Noise equivalent radiance
(NEdI)

Weight
Calibrations

350-2500 nm

3 nm at 700 nm

10 nm at 1400-2100 nm

1.4 nm at 350-1050 nm

2 nm 1000-2500 nm

100 ms

One 512 element Si photodiode array 350-1000 nm

Two separate, TE cooled, graded index, InGaAs photodiodes 1000-2500
nm

1.5 m fiber optic (25 field of view) optional foreoptics available

UV/VNIR 1.1 x 10-9 W/cm2/nm/sr at 700 nm
NIR 2.4 x 10-9 W/cm2/nm/sr at 1400 nm
NIR 4.7 x 10-9 W/cm2/nm/sr at 2100 nm

12 Ibs (5.2 kg)

Wavelength, reflectance, radiance*, irradiance*
All calibrations are NIST traceable

(* radiometric calibrations are optional)
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Contact probe for vegetation: A contact probe has the general advantage of reducing the effect
of environmental light scattering to insure better measurement accuracy (Figure 3.3).
Measurements should be made on each leaf using a plant probe, specially designed with a low
power source, for sensible vegetation surfaces, leaving no observable damage. It was
employed instead of the traditional contact probe that could burn leaves due to a much more
powerful Halogen bulb.

Figure 3.3 Contact Plant probe.

The serial number was 16576, more details about the specifications of the plant probe can be

found in Table 3.2.
Table 3.2 Specifications of the plant probe to be used with FieldSpec3.

Length 10” (25.4 cm)

Weight 1.5 Ibs (0.7 kg)

Power requirements 12-18 VDC, 6.5 W

Light source type/life (approx.) Halogen bulb/1500 hours
Halogen bulb color temperature 2901 +/- 10% K

Spot size 10 mm

Spectro-radiometer batteries for field usage: Two FieldSpec3 batteries must be previously
charged and taken to the field to supply necessary power for the spectro-radiometer.

White reference (Figure 3.4): The spectral response of a reference white surface is required
because the spectral of a target is computed by dividing its spectral response by that of the
reference sample. Applying this method cancels the parameters that are multiplicative in
nature and present in both the spectral response of a reference sample and of the target. An
inherent assumption is that the characteristics of the illumination are the same for the reference
and target materials.

Figure 3.4 White reference used for calibration.

Black support (Figure 3.5): A black surface is placed behind each sample leaf prior to
reflectance measurement acquisition. This approach is used to ensure that the radiation
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3.3.2

reflected is uniquely due to the leaf since the black support is supposed to absorb the
transmitted radiation by the leaf and not reflect any.

Figure 3.5 Black support used behind sample leaves during reflectance data acquisition.

Software RS3: The software is provided with FieldSpec3, and allows the user to adjust the
measurement configuration, enables the spectral acquisition with the spectro-radiometer and
saves the corresponding spectral data into memory. We used the version 6.0.10 of RS3.
Software ViewSpec Pro: the software enables the visualisation of spectral data; we used the
version 6.0.15 of Viewspec Pro.

DIGITAL DATA ACQUISITION MATERIALS

Red-Green-Blue (RGB) camera: A digital camera Sony Alpha 5000 with 20 Mpixels
resolution (Figure 3.6). More details about its specifications can be found in Table 3.3.

Figure 3.6 Sony Alpa 500 camera.

Table 3.3 Specifications of the RGB camera.

Maximum resolution 5456 x 3632

Effective pixels 20 megapixels

Sensor size APS-C (23.2 x 15.4 mm)

Sensor type CMOS

Lens Mount Sony E

Max shutter speed 1/40000 s

Custom white balance, focus and exposure Yes

Format Uncompressed: raw, JPEG standard quality
USB USB 2.0 (480 Mbit/sec)

Color checker: A color checker is a collection of 24 accurately prepared, pure, flat, rich colors
(Figure 3.7). Each colored squared area is prepared individually to produce natural, chromatic
and primary colors in a wide range of shades (using the CIE). This is used to perform color
calibration of the RGB digital images since the natural illumination can vary during the day.
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Figure 3.7 Color checker for color calibration.

A uniform background having a color different than healthy or contaminated leaves is needed
(not green, nor yellow or red). It is placed behind each sample leaf prior to image acquisition
to facilitate leaf segmentation later.

3.3.3 EXTRA MATERIALS

GPS to mark the tested grapevines in the field and to enable timely follow-up.

Colored tapes for marking the grapevines and the leaves to facilitate the timely follow-up.

A paper and a pen to keep track of some meta-data at each acquisition campaign. Error of
measurements may have different sources: atmospheric conditions, operator, instrument and
vegetation itself. Since it is difficult to control all parameters, it seems important to save them
in a metadata file. More details about metadata will be presented in the rest of this Chapter.

3.4 PROTOCOLS FOR DATA ACQUISITION

In the second part of this Chapter, we discuss the protocols related to sample leaves selection and we
state in order the protocols needed for a correct acquisition of reflectance and image data from
grapevine fields.

3.4.1 LOCATION AND WEATHER REQUIREMENTS

1.

2.

Do not limit the measurements to one field. Try testing several locations to verify the reliability
of the results.

Consider many varieties of the vegetation in order to determine if the impact of the disease is the
same or if it is variety-dependent.

Perform measurements several times during the season to see the effect of the severity stage on
the results. For the case of FD disease on grapevines, it is important to perform at least two
acquisition campaigns. The first one must take place in July when the symptoms affect only some
parts of the leaves. Then a second one could be performed in September or in the beginning of
October, when FD symptoms appeared clearly on the entire leaves.

Do not perform measurements when it is raining or directly after also do not take measurements
in case of highly smoky and haze conditions because the water left on leaves can highly impact
the spectral reflectance.

Do not perform measurements in case of extreme windy conditions because the digital images
might be blurred if the leaves are moving fast.

Do not perform an acquisition campaign in extreme high temperatures (above 40 degrees)
because the DC noise is sensitive to temperature.

3.4.2 SAMPLE LEAVES SELECTION PROTOCOL

1.

Choose carefully symptomatic leaves. Let an expert be present during the acquisition campaign
to confirm the occurrence of the disease and its severity stage. The distinction between different
crop diseases is a complicated task. Indeed, various infestations can cause almost similar
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no

symptoms. Furthermore, marks can be the result of a fusion of many infections affecting the
plant at the same time. Some factors such as nutrient deficiencies, pollution and pesticides can
produce expressions indistinguishable from those of diseases. That’s why it is advised to have a
plant pathologist while selecting samples.

Choose leaves from three levels (bottom, medium, top), defined on the grapevine (Figure 3.8).
Select a range of healthy leaves of different ages. Choose a set of infected leaves in order to get
a complete and representative range of the damage symptoms.

Examine at least a total of 30 infested and healthy samples for each variety; this is important to
keep the study statistically significant. In fact, a sampling size that is statistically representative
includes a number of sample sizes between 30-40 measurements with a minimum of 15.

Test the same number of healthy and diseased samples for each variety to avoid the bias in the
analysis.

Perform laboratory analysis on tested symptomatic leaves after the end of the acquisition
campaigns. The presence of symptoms alone is often not enough to identify the Yellowing in
general; additional laboratory tests need to be done in order to confirm the presence of the
disease. PCR analysis for example should be done in the closest laboratory to support the
inspector’s claim [59]. For multiplex-PCR protocol enabling the simultaneous detection of FD
and BN please refer to [60].

Locate the grapevines using a GPS and label all tested leaves in order to ensure timely follow-
up.

Choose another neighboring leaf when the old one is not available anymore. After testing some
leaves in a campaign, they may not be present in the following one. Some of the leaves may
either naturally fall or might be cut by the winegrower. Thus, when the leaf is not found, another
candidate located on the same branch must be considered.
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Level 1
(Top)

Level 2
(Medium)

Level 3
(Bottom)

Figure 3.8 Choice of leaf sampling positions.

3.4.3 METADATA ACQUISITION PROTOCOL
Metadata must be noted for each acquisition, including factors that affect standardized measurements.
Some of them are presented next and summarized in Figure 3.9.
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Figure 3.9 Meta-data considering uncontrollable parameters during reflectance data acquisition.

collection including geometry, scale and the number of samples

2. Check the illumination and viewing geometry: date, time, position, sun altitude, sun azimuth Fore
optic degree, fore optic height above target, fore optic height above ground, IFOV (not used in

case of contact probe)
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o o

10.

11.

Observe the environmental conditions: wind speed and direction, cloud cover and type,
temperature and humidity, aerosols/smoke/haze, air pressure

Take photographs for the site set up, eastern sky, western sky, nadir azimuth, target and soil
Perceive the target and note the species name, its health status and its texture (specular, diffuse)
Check the pattern of distribution, an even distribution describes a uniform cover of vegetation
over the ground and a clumped one describes vegetation that presents as distinct clumps across
plot.

Estimate and record the amount of layering within the vegetation plot where single describes a
layer of vegetation where all plant components are at the same level and little scattering would
occur, and multiple describes the vegetation that grow in layers as either different components of
the plants or as different growth heights of individual plants.

Estimate and record the cover homogeneity: It is a percentage of cover of the target vegetation;
ideally all plots must have 100% of the target species, at times, a percentage component of
exposed soil interspace, leaf litter or an alien species.

Measure and record the maximum plant height mean density, this refers to the height at which
most biomass occurs.

Describe the phenology, the vegetation can be in a green growth stage, flowering, seeding and
senescing or dying; record any disturbances visualized.

The meta-data that are underlined are the most important ones to keep. Whether these changes are a
result of biophysical changes of the target or attributable to the illumination conditions can only be
assessed by an increased length of the sampling record, it is only with accurate reflectance and
metadata collection that both averaged reference spectra and any significant temporal changes in
reflectance response can be identified.

3.4.4 REFLECTANCE DATA ACQUISITION PROTOCOL

Spectral reflectance is the ratio of incident to reflected radiant flux measured from a surface over a
defined range of wavelengths. Based on [61] and [62], the following reflectance in-field
measurements protocol was established for all our acquisition campaigns:

1.
2.

3.
4.
5

Let the spectrometer warm up for at least 15 min before starting the measurements.

During the warm up time, use some colored patches to determine the locations of the grapevines
and the corresponding leaf samples that will be measured in order to enable a temporal tracking.
Connect the PC to the spectrometer and attach the plant probe.

Start the RS3 instrument software.

Adjust the measurement configuration: fore optic selection (not used); spectral averaging
selection spectrum averaging is the number of samples taken per observation: spectrum (30),
dark current (100) and white reference (100). It is advised to use the same instrument settings for
each acquisition campaign.

Place the probe on the white panel and perform an optimization, the profile will change while
the instrument is adjusting; the different regions of the 3 detectors will be visible.

Perform white reference calibration by maintaining the probe on the white panel, a reflectance
curve with a near horizontal line at a value of 1 should appear if the set-up is correct.

Place a black support under each leaf before acquiring the reflectance data to avoid interference.
Reflectance measurements are taken from four locations on the leaves (shown in Figure 3.10),
according to expert recommandations and one measurement is taken per location.
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The locations were chosen according to the disease that has tendency to start growing between
the veins first. A range of two-four measurements is considered depending on the leaf surface
with respect to the probe diameter. When the leaf is small, only two reflectance spectra from two
locations are acquired, and when the leaf is wide enough, four reflectance tests are taken from
all the four locations. When ready, press the spacebar to save the measurement.

10. Repeat the white reference calibration, whenever there are changes in illumination conditions.

11. At the end of the reflectance data acquisition, two, three or four reflectance measurements are
acquired from one sample leaf.

Figure 3.10 Locations of the reflectance measurements on a sample leaf.
3.45 RGBDIGITAL IMAGE ACQUISITION PROTOCOL

In order to keep track of the spatial appearance of the disease on the leaf, its location and how it is
spreading on the leaf, we took an RGB image of the sample. The protocol for image acquisition for
all campaigns is as follows:

1. Prepare a uniform color cardboard and place a color chart on it. This will facilitate the leaf
extraction task and the color calibration.

2. Keep the same manual settings during all acquisition campaigns.

3. Place the cardboard behind each sample leaf.

4. Take one RGB image for each sample leaf (Figure 3.11).

Figure 3.11 Example of RGB image taken on a healthy Grenache leaf.
At the end of the campaign make sure to do the correspondence between the reflectance measurements
saved and the color images of the leaves.

3.5 PARAMETERS AFFECTING THE DATA

Many factors can compromise the accuracy of measured reflectance data in the field as mentioned in
[62]. Some factors related to the instrument of measurement, the operator, the surrounding conditions
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and the vegetation could alter the reflectance response inducing errors. These are detailed in ANNEX
A. Some propositions were given to prevent or reduce some of them (the other ones seem to be
uncontrollable).

The above-mentioned factors are not to be considered in the case we measure reflectance data at a
leaf-scale using a spectro-radiometer equipped with a contact probe. Actually, the contact probe is
the most precise and consistent method for collecting spectra because most of the lighting and imaging
geometry are controlled. Therefore, spectra will vary much less given any lighting condition or
location. However, surrounding factors might modify the internal contents of sample leaves and hence
alternate the reflectance. For example, stomata opening or closing to respectively release or detain
water vapor is function of the temperature. Hence, it is desirable to repeat the instrument calibration
process when we notice any modification in the environmental conditions. The operator should pay
attention during the acquisitions for any sunlight illumination changes due to clouds passing for
example. Furthermore, it seems interesting to also gather meta-data, if we analyzed the data collected
from two acquisition campaigns and had strange results, we could refer to the metadata file and
attribute the difference in the result to the modified meta-data parameters between the two acquisition
campaigns.

Imaging systems on the other hand, keep evolving and have reached great performances recently. The
perceived quality of a digital image, and hence its utility for research purposes, depend upon many
interrelated factors. These include the operator, the imaging device, the object under study and the
environmental conditions. More details about those factors are also given in ANNEX A.

3.6  SUMMARY OF ACQUISITION CAMPAIGNS

We have performed acquisition campaigns in the summer seasons of 2016 and 2017. We considered
in 2016 the Provence-Alpes-Cote-d’ Azur (PACA) and the Burgundy region; however, in 2017 we
studied in addition, the Nouvelle-Aquitaine region. These regions can be visualized in the Figure
3.12.
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Figure 3.12 Map showing French wine growing regions. Studied regions are PACA, Burgundy and Nouvelle-Aquitaine

(green ellipses).
The same four grapevine varieties infested with FD were tested in PACA in 2016 and 2017; two red-
berried (Marselan, Grenache) and two white-berried (Vermentino, Chardonnay). Red-berried fields
were measured first in the morning from (10:00 to 12:00) and white-berried fields were measured
next in the afternoon (14:00 to 16:00).

In the Burgundy region, we examined in 2016 and 2017 a white berried variety of Chardonnay
grapevines that were infested with BN and it turned out that there were also other diseases present. In
the Nouvelle Aquitaine region in 2017, we investigated a red-berried variety of Cabernet Sauvignon
grapevines infested with Esca first in the morning and another red variety of Merlot attained with
Mildew. Traditional cultural practices are applied in the tested fields.

In the PACA region, four acquisitions were executed in the 2016 season and three others were done
during the summer of 2017. The relative number of samples for each measurement campaign can be
found in Table 3.4.

Table 3.4 Number of samples in PACA

Year Date Grapevine variety Number of ' Number of = Effective
diseased samples healthy samples = disease

12/07 Noisy data acquired

09/08 Marselan 15 15 FD
Grenache 15 15 FD
Vermentino 15 15 FD
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Chardonnay 15 15 FD
Red 30 30 FD
White 30 30 FD
All 60 60 FD
2016

06/09 No data acquired
27/09 Marselan 15 15 FD
Grenache 15 15 FD
Vermentino 15 15 FD
Chardonnay 15 15 FD
Red 30 30 FD
White 30 30 FD
All 60 60 FD
27/07 Marselan 15 15 FD
Grenache 15 15 FD
Vermentino 0 0 FD
Chardonnay 15 15 FD
2017 Red 30 30 FD
White 15 15 FD
All 45 45 FD
11/09 Marselan 15 15 FD
Grenache 15 15 FD
Vermentino 15 15 FD
Chardonnay 15 15 FD
Red 30 30 FD
White 30 30 FD
All 60 60 FD
04/10 Marselan 15 15 FD
Grenache 15 15 FD
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Vermentino 15 15 FD

Chardonnay 15 15 FD

Red 30 30 FD

White 30 30 FD

All 60 60 FD
Total 285 285

On the 12" of July 2016, the data we acquired were noisy due to an operator error. When placing the
probe on the leaf, we shouldn’t press save until the screen is refreshed twice and the spectra is
stabilized. The spectra were hence not exploitable and not taken into account in this thesis. On the 6™
of September 2016, we couldn’t acquire any reflectance data due to a hardware error. Indeed, the
Ethernet connection cable wasn’t correctly functioning, only few reflectance data were taken before
the connection was completely lost with the spectro-radiometer. Only few data were successfully
acquired so they weren’t considered in the rest of the study.

In Burgundy, three acquisitions were executed in 2016 and two others were done during the summer
of 2017. The relative number of samples for each measurement campaign can be found in Table 3.5.

During 2016 in Burgundy, the expert told us that the grapevines seem to be infested with BN, however
after the PCR analysis at the end of the season, it was shown that there were two other diseases: FD
and court-noué that were present also among the tested grapevines. The CN, BN and FD samples
from the Burgundy region in 2016 were ignored in the following analysis and discarded because we
have less than 15 samples for each of the diseases (CN, BN and FD) which are not statistically
significative to build a classification model.

Table 3.5 Number of samples in Burgundy acquisition campaigns.

Year Date Grapevine Number of Number of Effective
variety diseased healthy disease
samples samples

2016 20/07 Chardonnay 15 15 BN,FD,CN
14/09 Chardonnay 15 15 BN,FD,CN
21/09 Chardonnay 15 15 BN,FD,CN

2017 17/08 Chardonnay 15 15 BN
25/09 Chardonnay 15 15 BN

Total 75 75
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In the Nouvelle-Aquitaine region, two acquisitions were executed in the summer of 2017. The relative
number of samples for each measurement campaign can be found and Table 3.6.

In Nouvelle-Aquitaine region during 2017, we acquired data from the Merlot grapevines type infected
with Mildew according to the expert but it turns out eventually that there were two different types of
Mildew present: Powdery and Downy. The DM and PM Merlot samples from Nouvelle-Aquitaine in
2017 weren’t considered in the following analysis and were discarded because we have less than 15
samples for each of the diseases (DM, PM) which are not statistically significative to build a
classification model.

Table 3.6 Number of samples in Nouvelle-Aquitaine acquisition campaigns.

Year Date Grapevine variety Number of Number of Effective disease
diseased healthy
samples samples
2017 12/07 Cabernet Sauvignon 15 15 Esca
Merlot 15 15 DM, PM
19/09 Cabernet Sauvignon 15 15 Esca
Merlot 15 15 DM, PM
Total 60 60

3.7 CONCLUSION

In the present chapter, we explained in detail how the measurements were acquired, using which
hardware and software. Our data were made of reflectance acquired by a spectro-radiometer and of
RGB images acquired by a digital camera. The reflectance data neglect the spatial properties whereas
the image data is a spatial representation of radiances. The higher the spatial resolution (case of
images), the lower the spectral resolution is. The higher the spectral resolution (case of reflectances),
the lower the spatial resolution is.

We also pointed out that there are some factors that seem to be uncontrollable and that can alter the
data acquired and induce errors. We hence advise to register some metadata to take into account all
these parameters. Next in this Chapter, we detailed the number of measurements taken in each
campaign but not all of them were actually considered in the analysis. Accordingly, for the rest of the
thesis, four varities (Marselan, Grenache, Vermentino and Chardonnay) are considered in PACA
region and we focused on the FD disease. One red variety (Cabernet Sauvignon) is retained in
Nouvelle-Aquitaine region and we focused only on Esca. One white variety (Chardonnay) is tested
in Burgundy region and we focused on BN only.

In the next Chapter, we will start by finely assessing and analyzing our reflectance data.
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CHAPTER 4
4 REFLECTANCE DATA ANALYSIS

4.1 INTRODUCTION

In the previous Chapter, we discussed how the data was acquired. The next step is to check the
robustness of our reflectance measurements in the distinction between infected and healthy leaf
samples.

A visual investigation of the shape of reflectance data and how the pattern changes depending on the
variety type and the nature of the infection is given in ANNEX B. This visual analysis of reflectance
data enabled the elaboration of some conclusions. Changes perceived suggest that the reflectance
signature depends on the pathogen-host interaction, in fact, the differences depicted in the reflectance
signature of diseased leaves were possible since the pathogen interacts with the host and modifies the
internal structure of leaves. In other words, healthy reflectance patterns from grapevine leaves were
somehow different from FD, Esca or BN affected ones. Moreover, the modification of the reflectance
pattern produced by the occurrence of a particular disease is function of the grapevine variety. This
means that a leaf from a red grapevine variety affected by a certain disease doesn’t display the same
reflectance pattern as a leaf from a white grapevine variety affected by the same disease. Furthermore,
FD and Esca diseased reflectance patterns on one hand, BN and FD diseased reflectance patterns on
another hand, expressed similar signatures on red and white varieties respectively.

A statistical investigation of the reflectance data was also done using a simple Principal Component
Analysis (PCA) in ANNEX B. The aim was to check the potential of reflectance data in detecting FD,
BN and Esca diseases, grading their severity stage and discriminating among them on different
grapevine varieties. We applied PCA and calculated intra-class and inter-class distances on the
obtained clusters. When inter-class distance (distance between two classes) is higher than the intra-
class distances (distances inside each class), we can suppose that these classes are easily
distinguishable. We concluded from this analysis that reflectance data could be employed with
confidence to detect diseases but not to distinguish among them or to define their infestation level.

This result was also in accordance with what we found on the effect of diseases on the contents of
leaves in the biological field. In fact, many biologists focused on the effect of phytoplasma (causing
BN and FD) on leaves and found that besides the morphological changes that occur due to the
presence of the disease, other functional changes may appear in infested leaves as a result of
modifications in their contents. First, changes in pigment concentrations are noticed; the chlorophyll
content is greatly reduced according to [63], 30% and 52% reduction for moderately and highly
infected leaves respectively. Similarly, the Carotenoids (Car) content is decreased but less rapidly. In
fact, authors in [64] found that the Car/Chl ratio was bigger that the Chl a/b ratio in phytoplasma
affected leaves. Anthocyanin in phytoplasma infected red-berried grapevine leaves is accumulated
and induces the purple symptoms. This purple discoloration of leaves seem to be appreciated by
sucking insects that spread the disease. Sucrose is also accumulated which helps attracting many
insect vectors and helps propagating the disease faster [65]. Serious variations in midday relative
water content in September were observed for symptomatic leaves [66]. Also, the infested leaves
displayed a reduction in stomatal conductance [67]. A low concentration of total soluble proteins was
found after phytoplasma infection, this decrease might be the result of shrinkage in the production of
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the main protein of leaf (RUBPC). A decline in protein synthesis can partially be responsible for
chloroplast destruction as stated by [64].

Studies on grapevines and apples showed that the presence of phytoplasma causes a decline in
photochemical efficiency, active reaction centers and electron transport rate inducing an inactive and
inefficient photosynthetic activity. Researchers in [68] stated that once the Photosystem 2 (PS2) is
influenced, the soluble carbohydrates and starch are accumulated in infected leaves. This
phenomenon demonstrates that phytoplasma transforms leaves from source organs into strong sink
organs [69]. Some hormonal changes are also noted after contamination and hormones play an
important role in adjusting the growth and allocating nutrients in the plant. Apparently phytoplasma
infection encourages the CA2* flow into sieve tubes leading to blockage. Several studies like the one
conducted in [70] demonstrated that phytoplasma originates modification in the phloem of host plants
critically disturbing phloem transport.

Reduction in pigment concentration was also reported for Esca infected hosts. The content of
chlorophyll badly decreased causing degradation in photosynthesis. However, in contrast to the
phytoplasma case, the carotenoid content was not affected by esca since their concentration was
similar in healthy and symptomatic leaves [71]. Similarly to phytoplasma, the PS2 inactivation is
attributed to an imbalance in electron transport reflecting a reduction in the fraction of open reaction
centers. Furthermore, Esca caused stomatal conductance, and transpiration to decline in symptomatic
leaves. The intensity of gas exchange was in general found to be associated to the disease
developmental level. A decrease in carbohydrate storage and starch were recorded which may affect
the plant vigor the year after.

Some studies like [72] investigated the chemical composition and phenolic composition of Cabernet-
Sauvignon grapes from Nouvelle-Aquitaine and suffering from Esca, since such composition may
highly influence the wine quality. Changes in the internal structure and composition of berries, musts
and wines were assessed in three groups of vines: vines showing esca symptoms, vines with
asymptomatic Esca symptoms and healthy vines [73].

In general, the effects observed at a biological level for the diseases under investigation are very
common. Hence, Phytoplasma and Esca cause non-specific disease responses in leaves and the
changes in contents and activities connected with photosynthesis of the infected leaf tissues are
comparable. This finding may explain why the reflectance signatures of yellowing and Esca cases
were very much alike for the same grapevine species and why the hyperspectral data might seem
insufficient for disease identification.

Our reflectance data could then be trusted only to detect the presence of a disease. For analyzing those
data, one must notice that each a reflectance holds 2150 values or features, implying a high
dimensionality problem. In the rest of this Chapter, our reflectance data are processed. We could
either consider them as an input directly to the classification model, but this method isn’t feasible due
to the curse of dimensionality. Or we could perform a dimension reduction phase.
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In dimension reduction problems, the data might be first pre-processed and prepared for further
analysis. Then, two things could be considered, the first is the type of learning algorithm, supervised
or unsupervised; the second is the choice of features, it can be a feature selection or a feature
transformation technique. For the rest of this Chapter, when talking about a feature, it actually refers
to a reflectance at a particular wavelength. The general flow of a dimension reduction is shown in
Figure 4.1.

Dimension
reduction

Feature
selection /
transformation

.| Classification
model

Y

Y

Complete data Pre-processing

[y
Supervised/Unsupervised Supervised/Unsupervised

Figure 4.1 General schema for high-dimensional data classification, use of feature transformation or feature selection
for dimension reduction.

Feature transformation consists on transforming the set of features to another new reduced one. It
creates a substitue more compact set of features that holds the essential information. The new features
formed don’t necessarily have a physical meaning to the expert; we can find under this category
feature extraction and feature generation. Principal component analysis is an example of feature
transformation that is unsupervised. It aims to maintain the majority of the variance in the data and
doesn’t require any class labels to operate.

Feature selection spots the optimal minimal predictors from the orginal data space. In other words, it
selects only some of the original features This technique has the advantage of keeping the physical
meaning of the features. In fact, the selected features can be directly interpreted afterwards. It is
indeed a challenge to determine a small number of variables among a huge number of variables
particularly when the sample size is small. For instance, it can enhance the prediction and estimation
accuracy, facilitate the interpretation and reduce the complexity of the model. Many unbiased
methods for selecting important predictors have been proposed in the scientific literature. Similarly
to feature transformation, a feature selection technique could be supervised or unsupervised.

Feature transformation techniques consist on transforming features which isn’t effcient with respect
to the goal of this thesis. In fact, the aim of the work was to define a subset of features to be
implemented as filters in the MS sensor, those features need to be physically real and they should also
be able to discriminate healthy from disease leaves. Hence, feature transformation techniques were
discarded.

An example of traditional feature selection technique is considered and then two new selection
methods were proposed and discussed. For the feature selection methods, the features are preserved
and not transformed. They were tested for each variety, each disease and each level of infestation. All
dimension reduction techniques take as input the hyperspectral reflectance data acquired in the
campaigns.
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In resume, the main contributions from this Chapter were: first, Spectral Vegetation Indices (SVIs),
which are one of the main techniques for spectral analysis, were tested. Second, two feature selection
techniques were proposed in the process of creating new spectral indices that are disease-dependant
(SDlIs) and could outperform common SVIs.

In this work and after PCR analysis, the data at disposal were labeled, which means that we had the
classes of the samples (we know if the sample is infected and what is the infection in particular or if
it is healthy), so a supervised classification model is employed.

4.2 TRADITIONAL REFLECTANCE ANALYSIS

4.2.1 INTRODUCTION

One straightforward way for analyzing our reflectance data is to use them entirely (Figure 4.2). This
means that for each sample we will have 2150 reflectance values (from 350 nm to 2500 nm). The
problem with this kind of data is that it contains noise and correlated features that might falsify the
results; in addition to this, analyzing them is extensive. In fact, using high dimensional data shows its
limitation from a computational point of view so in order to obtain a proper classification model able
to differentiate symptomatic leaves from asymptomatic ones, a dimension reduction step seems
mandatory.

Classification
model

Complete data

Supervised
Figure 4.2 Classification of high-dimensional data with no dimension reduction step.

4.2.2 TRADITIONAL SPECTRAL VEGETATION INDICES (SVI5s)

An example of variable selection is the use of SVIs, here no particular pre-processing was needed.
From the reflectance data, we can calculate multiple SVIs and each one of them could be used as an
input into a classification model (Figure 4.3).

Dimension reduction

Feature selection

Complete
1'9]19(:1:311(‘_9 calcfl‘l;ltion Classification
data ; model
Supervised

Figure 4.3 Classification of high-dimensional data using traditional spectral vegetation indices, a feature selection
technique.

SVIs enable the analysis of vegetative spectral modifications due to the appearance of a symptom by
calculating ratios of reflectance at different wavebands. SVIs are simple and effective algorithms for
quantitative and qualitative assessment of vegetation cover, strength, and development dynamics and
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can be applied for any other applications that include crop management. They are designed to improve
the contribution of vegetation characteristics and allow true spatial and temporal inter-comparisons
of terrestrial photosynthetic activity and canopy structural diversity.

Many researchers investigated the potential of SVIs in detecting diseases. For example, article [74]
studied some sugar beet fungal diseases; article [75] on the other hand, analyzed basal stem rot
infection in oil palm trees. Focusing mainly on grapevines, authors in [46], analyzed the spectral
reflectance of red-berried leaves infected by Grapevine Leaf Roll disease (GLD) and found a set of
variables capable of detecting pathogen presence. Another study was conducted in [47], it identified
a feature vector made of 11 indices, able to spectrally differentiate healthy from GLD infected data.

SVIs enable the dimension reduction of the hyperspectral data. More than 150 SVIs have been
published in the scientific literature. Some SVIs correlate with the biochemical constituent
concentrations of vegetation (chlorophyll, carotenoids, water, cellulose, lignin, dry matter...), thus,
associating the physiological status of crops to other hyperspectral data. Other SVIs have not been
systematically tested or do not have a biophysical base. In our study, we only selected 13 of the most
commonly used SVIs in the scientific literature. The NDVI, the PRI, the ARI, the SIPI, the mCAl,
the PSSRa, PSSRb and PSSRc, the GM1 and GM2, the W1, the ZTM and the TCARI/OSAVI indices
used in this work are displayed in Table 4.1 below.

Table 4.1 Typical vegetation indices found in literature and used in the context of this thesis.

Index Name Formula Association  with  Relevant Plant = Reference
Pigment Example
Normalized Difference NDVIone = R750 — Ryos NDVI is a very typical index. Positive = [76], [77]
Vegetation Index (NDVI) 705 — Rs0 + Roos values suggest vegetated areas.
Photochemical Reflectance PRI = Rs70 — Rs3y PRI index is a function of the [78], [79].
index (PRI) " Rsyo + Rs3; reflectance at the 531 nm, this [80]
reflectance is related to xanthophyll.
When the xanthophyll activity is high,
the light use efficiency is low, meaning
a possible stress occurred.
Anthocyanin  Reflectance T — 11 ARI index is designed to estimate the = [81]
Index (ARI) " Rsso Rooo stack of anthocyanin in senescing and
stressed leaves.
The structure insensitive SIP] = Rgoo — Ruas The SIPI index is responsive to the ratio | [82], [83]
pigment index (SIPI) "~ Rgoo + Reso of carotenoids to chlorophyll. It is very
practical to use when the canopy
structure or leaf area index are
inconsistent.
Modified chlorophyll mCAI The mCAIl is sensitive to the [84]
absorption integral (mCAI) _ (Rsas + Rysp chlorophyll content. It calculates the
- ( 2 ) (752 area between a straight line connecting
R7s2 two points (the green peak at 545 nm
— 545) — (Z 545 and 752 nm) and the curve itself

Rsys

— 752(1.158 R,)
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Pigment specific simple PSSR _ Rgoo The pigment specific ratio indices were = [82], [85],
ratio chlorophyll a (PSSRa) a= 680 suggested to estimate the pigment’s [86]
content at the leaf level. Samples from
trees at different senescence stages
. - . R were studied aiming to empirically
Pigment  specific _simple PSSRh = 222 determine  the  best individual o2 [87]
ratio chlorophyll b 635 . [88]
(PSSRb) wavebands for pigment assessment
(680nm for chlorophyll a, 635nm for
chlorophyll b, 470 nm for the
Pigment specific simple PSSR _ Rgoo carotenoids). [82], [88]
ratio carotenoids (PSSRc) ‘= Riro
Gitelson and Merzlyak 1 cM1 _ Ryso GM1 and GM2 were created to measure = [89], [90]
(GM1) " Rsso the chlorophyll content in vegetation
leaves.
Gitelson and Merzlyak 2 R7s0 [91]
GM2 =
(GM2) R.00
Water index (WI) T = Ri300 WI is related to water deficit [92]
R14s0
Zarco-Tejada Miller ZTM—R75° ZTM is a Red edge index highly | [93], [94]
(ZTM) . correlated to chlorophyll content. At the
canopy level, it has the advantage of
minimizing shadow effects.
Ratio of the Transformed  TCARI A combination of the Transformed [95], [96]

Chlorophyll Absorption in
Reflectance Index and

= 3((R700 — Reé70)
R700

Chlorophyll Absorption in Reflectance
Index (TCARI) and the Optimized Soil-

Optimized Soil-Adjusted 0.2(R700 — Rss0) Rsso) Adjusted Vegetation Index (OSAVI). It

Vegetation Index is sensitive to chlorophyll content

(TCARI/OSAVI) OSAVI variations and resistant to variations in
=@ R. _R Leaf Area Index (LAI) and underlying
+0.16) 800 7670 soil background effect.

After calculating the different values of vegetation indices from the reflectance data, these are injected
one at a time into the classification model.

4.3 PROPOSED REFLECTANCE ANALYSIS

4.3.1 INTRODUCTION

The SVIs assessed are common ones; however, the impact of plant diseases on the physiology and
phenology of plants varies with the host-pathogen interaction and each disease may influence the
reflectance signature in a different way. Common SVIs are not disease specific (or disease-
dependent); hence, it seems beneficial to design special indices for each infection (SDIs), as these
might simplify the disease detection by spectral sensors.
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In the rest of the Chapter, we propose a technique based on designing new SDIs.

4.3.2 THEORETICAL DEFINITION OF OPTIMAL REFLECTANCE FEATURES

We investigated the efficiency of two feature selection techniques: GA and SPA techniques. These
two methods were used extensively in the scientific literature to select feature from high dimensional
and highly correlated data such as reflectance. The overall flow is presented in Figure 4.4 next.

Dimension reduction

Pre-Processing
Feature selection

Complete ., 3 | Resolution | GA-KNN Reduced
reflectance data Noise removal reduction SPA-KNN reflectance data
400 nm — 2400 nm 3 nm

350 nm — 2500 nm

Figure 4.4 Classification of high-dimensional data by designing new SDIs, a feature selection technique.

4.3.2.1 SPECTRAL NOISE REMOVAL

After the acquisition of the reflectance signatures of leaves from the field, we obtained a set of healthy
and diseased observations ranging from 350 to 2500 nm, with a total of 2151 features or wavelengths
per sample. Since the reflectance data were noisy at the extremities and just like other similar studies,
we only considered values between 400 nm and 2400 nm, giving a total of 2000 wavelengths.

4.3.2.2 SPECTRAL RESOLUTION REDUCTION

Following this, the reflectance resolution was reduced by a factor of three due to high correlation
between adjacent wavelengths. This factor was a compromise between scaling down data redundancy
while not eliminating important information. This is logical since the true spectral resolution of the
spectro-radiometer is about 3 nm. In consequence, only 665 wavelengths were considered for the rest
of the analysis (Figure 4.5).

Complete spectral data
Spectral noise removal

Wavelengths 350 351 352 353 .. 2498 2499 2500
(nm)

Spectral resolution reduction

Wavelengths 400 401 402 403 .. 2398 2399 2400
(nm)

Wavelengths 402 405 408 411 .. 2392 2395 2398
(nm)

{ )

|

665 spectral features

Figure 4.5 Noise removal and resolution reduction of reflectance data.
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4.3.2.3 FEATURE SELECTION
SUCCESSIVE PROJECTIONS ALGORITHM-KNN

The objective of the reflectance analysis presented here is to select a subset of wavelengths with the
most useful reflectance information; features were included or excluded based on good discrimination
and classification efficiency. Once the optimum features are selected, a proper model can be designed
using them instead of the whole reflectance data.

In this section, we tested the SPA algorithm. Although the algorithm itself produces chains of
independant variables in an unsupervised way, we employed a supervised method for selecting the
best chain among them, which means that the a priori knowledge of the spectral response (healthy,
diseased) was eventually involved in selecting the features.

The SPA algorithm is introduced in [97]. The algorithm has been successfully employed in several
analytical applications over the past 10 years; it often leads to better results compared to the use of
full spectra. The technique was also investigated in many other studies such as [98] or [99].

Three main steps are needed for SPA. Firstly, the reflectance data are used to design a set of chains
of variables according to a sequence of operations engaging vector projection. These operations are
designed to minimize collinearity among the variables of the same chain. Secondly, for each candidate
chain holding a subset of variables, a classification model is created. Finally, each model is evaluated
and the optimal subset is chosen according to the best performance reached.

Next, matrices and linear operators are represented in bold capital letters, column vectors by bold
lower-case letters and scalars by italic characters. Elements of a sequence are denoted by italic
characters with an index between parenthesis. The superscript T means transposed.

SPA is a forward selection method: it starts with one variable then incorporates a new one at each
iteration until a specified number N of variables is reached. Its purpose is to select features whose
information content is minimally redundant in order to solve collinearity problems. SPA steps are
described below:

Let k(n) be the feature selected at the nth iteration of SPA. Let Xca be the matrix (McaxJ) of
instrumental response data, J are wavelengths and Mca is the number of observations.

Assume that the first variable is k(0) and the number N are given.
Before the first iteration (n=1), let xj=jth colum, of Xca, j=1,..,J

Let S be the set of wavelengths which have not been selected yet. That is S={]j such that 1< j<J and
j doesn’t belong to {k(0),..,k(n-1)}

Calculate the projection of x; on the subspace orthogonal to Xkn-1):
PXj = X; - (XTj Xn-1)) Xia-) (X n-1) Xin-1)) ™
For all j belongs to S where P is the projection operator

Let k(n) =argmax(||Pxj||, j belongs to S)

Let xj = Pxj j belongsto S

Let n=n+1 if n<N go back to Step 1
End
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The resulting variables are {k(n), n=0,..,N-1}

The number of projection operations performed in the selection process can be shown to be (N-1)(J-
N/2). An example of SPA is given next in Figure 4.6.

X3 - starting vector

X4

g

’ -~ Px
PX: P‘_‘ 5
»
le Subspace

Ortogonal to x;
Largest
Projection

Figure 4.6 Example of SPA with J=5, Mcal=3 and k(0)=3. Result of first iteration: k(1)=1. (Source: [97]).

Each candidate subset of variables made of the stored chains is considered and evaluated. The essence
of our contribution relies on choosing the best subset of variables. The subset is in fact chosen on the
basis of its ability to discriminate healthy from diseased spectra with a KNN-cross validated
classification model. A KNN non-parametric classifier was picked to avoid the burden of parameter
tuning that may influence the feature selection result. The maximal accuracy was elected as a criterion
for assessing the performance of a defined SPA subset; the subset displaying the higher accuracy is
kept.

GENETIC ALGORITHMS-KNN

From the modified set of observations obtained, the best wavelengths were chosen by applying a
Genetic Algorithm (GA) feature selection tool.

Genetic algorithms provide a valid tool for solving optimization and searching problems; it imitates
the natural human evolution process [100]. GA manipulates one population to produce a new one
based on some genetic operators.

The five important steps in GA [101] are: (1) chromosome encoding, (2) fitness evaluation, (3)
selection mechanisms, (4) genetic operators and (5) criteria to stop the GA (Figure 4.7).

Human genetics vocabulary is often used in GA; chromosomes are the bit strings (individuals that
form the population), gene is the feature [102]. In our study, a binary space is assumed: a gene value
“1” indicates that the feature indexed by the “1” is chosen. Contrarily, (i.e., if it is 0), the feature is
not chosen for evaluation. At the beginning, a matrix of dimension (Population size (300 samples) x
Number of wavelengths (633 spectral features)) containing random binary digits is created, which
forms the initial population.
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Figure 4.7 GA-Based feature selection.

A fitness function evaluates the discriminative capacity of the population, made of chromosomes,
each selecting a subset of features. The GA-based technique was designed in a supervised way, which
means that the spectral response (a priori knowledge of the diseased and healthy samples) affects the
choice of features. We chose the loss obtained by a cross-validated K-Nearest-Neighborhood (KNN)
classification model as a fitness function that guides feature selection. This seemed very logical
because we wanted to choose reflectance features based on their discrimination potential. A KNN
non-parametric classifier was picked to avoid the burden of parameter tuning that may influence the
feature selection result.

Individuals are ranked, based on the values reported by the fitness function; then, the Elite kids with
the best fitness values are selected to survive and are, hence, transferred to the next generation.

The selection operation provides individuals for genetic cross-over and mutation; it ensures that the
population is being constantly improved. Tournament Selection was used here due to its simplicity,
speed and efficiency. For tournament selection, two functions are needed; the first one generates the
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parents and the second one produces the chromosome that succeeded in the tournament. The winner
is defined by calculating the fitness of all selected chromosomes and choosing the best one. As an
example, in tournament selection of size 2, two individuals are selected from the current population,
excluding the Elite kids, then the best of the two chromosomes, using fitness ranking, is chosen.
Tournament selection is done iteratively until the new generation is created.

Cross-over consists on combining two parent individuals to form children in the new generation. Two
parent chromosomes are required to accomplish a crossover operation. In our case, the two
chromosomes are captured from tournament selection. XOR operation is performed in this case since
parent chromosomes are binary [103]. The number of new children produced due to the cross-over
operator, is defined based on the cross-over fraction.

Mutation is another genetic operator and induces a perturbation of chromosomes by applying a bit
flipping procedure depending on the mutation probability. Mutation ensures genetic diversity,
eliminating premature convergence. A uniform mutation is applied in this study and a set of 633
random numbers following a uniform distribution is created. Each number is compared with the
mutation probability: if the number is bigger than the probability, the bit at the position of the number
remains; if not, the bit is flipped. The number of new children produced by the mutation operator is
defined by subtracting the population size from the number of elite children and the number of
children obtained by cross-over.

Each new generation, formed by GA, contains individuals from Elite kids, crossover kids and
mutation kids [104]. The new population is evaluated again and the GA continues to evolve until the
stopping condition is met. Two stopping conditions are applied in this study: Maximum Number of
Generations and Stall Generation Limit. The choice of the number of generations is essential because
GA can stop too soon if the number is not correctly set. GA terminates if the average changes in the
fitness values among the chromosomes over Stall Generation Limit generations is less than or equal
to tolerance function. The goal is to insure genetic homogeneity All the GA parameters used in our
study are described in Table 4.2. Population size in evolutionary algorithms needs to be large enough
to initialize with a rich set of solutions. We need to modulate the minimum size to cope with premature
convergence and other problems; here a population size of 300 was selected.

Table 4.2 Numerical values of different GA parameters considered in this study.

GA parameter Value

Population size (Number of Chromosomes) 300

Genome length (Number of genes/features) 300

Population type Bit strings

Fitness Function SVM-Based Classification Error
Number of generations 300

Stall generation limit 50

Crossover Arithmetic

Crossover Probability 0.8

Mutation Uniform Mutation
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Mutation Probability 0.2
Selection scheme Tournament of size 2
Elite Count 2

Figure 4.8 displays an example of the fitness values with respect to the generation’s number on a red-
grapevine variety using the GA selection tool.
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Figure 4.8 Simulation of the GA on Marselan data.
When GA terminates, one individual is chosen providing the convergence. This individual contains
the optimal features, which is a binary set with “1” meaning that the feature at this specific index is
considered.

Since the initial population is randomly created in GA, the number of selected features by the GA
tool cannot be predicted and is function of the data. In fact, the GA keeps evolving until convergence
and the number of features isn’t known in advance.

4.3.3 PRACTICAL DEFINITION OF OPTIMAL REFLECTANCE FEATURES FOR MS SENSOR BY
SPECTRAL DISEASE INDEX (SDI) DESIGN

In theory, the reflectance features selected by GA-KNN and SPA-KNN are enough to detect healthy
from infected reflectance data. The number of selected features can’t be chosen in advance (at least
not for GA). We wanted to check if with the minimum number of bands required to have a MS
imaging system (four bands), we can classify with good precision.

In practice, a MS sensor can be made of 4-10 bands but under price and weight constraints, an exact
number might be imposed. The question here is what top bands should be selected among the ones
chosen by GA-KNN and SPA-KNN. To solve this, we propose to design special spectral indices that
are disease-dedicated. SDIs, unlike general SVIs, are designed to identify a specific damage in plants.
They couple information from parts of the electromagnetic spectra which are characteristic of an
infection and not visible to the human eye. Therefore, they may have the potential to automate the
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disease detection procedure, not only replacing to some extent the pathologist but also predicting the
presence of an infection before its symptoms become obvious.

Special spectral disease indices sensitive to the FD, Esca and BN diseases were developed next.
Figure 4.9 shows the detailed approach that was adapted to compute and to evaluate SDIs. The two
acted as a tool for reducing the complexity and the number of our data and aided in the forming of
new SDIs with respect to the common SVIs, which are frequently used in remote sensing applied to
agricultural fields. The new candidate SDIs are injected each as an input to a classification model.

Complete

350 — 2501
b nm S00 nm reflectance data

A 4

00 — 2400 .
400 nm — 2400 nm Noise removal

l Pre-processing

Dimension reduction
Resolution

3 nm .
reduction
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SPA-KNN
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l SDIs
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Figure 4.9 Detailed approach proposed for the development of SDIs from hyperspectral reflectance data.

4.3.3.1 FEATURE COMBINATION

GA-KNN and SPA-KNN provide a chain of optimal variables. For each technique, we can combine
resulting features in order to design the best SDI.

In the context of DAMAYV project, only four cameras could be supported to form the MS sensor.
Filters placed on the four cameras are, on the other hand, interchangeable depending on the
application.

The indices developed aim at detecting a specific plant disease. Next, we will detail the case of an
SDI holding four spectral bands. Our choice of the form of the SDI was inspired from [105]; authors
used a single weighted reflectance added to a normalized reflectance difference. We, instead of using
a single reflectance, adopted a ratio of reflectances. In fact, the use of a single reflectance poses a
problem because a single reflectance taken on the raw spectrum is subject to uncontrolled variations.
Thus, a combination of a ratio of two reflectances and a normalized reflectance difference seemed
suitable. A weighting factor for the ratio of reflectances was determined and the possible weights
were: —1, —0.5, 0.5 and 1. An exhaustive search of the best SDI is undertaken; combinations of a
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weighted ratio of two reflectances and a normalized difference of two reflectances are tested. Each
combination of four wavelengths and a weighting factor forms an index. The SDI design is shown in
the next Equation (4.1):

R

SpI =222 R 4, My gy
Ag

RZZ+R11 R

where R, _, Ry,, Ry, and R,, are reflectances at optimal wavelengths chosen from the pool of variables
selected by GA-KNN or SPA-KNN (A1 # 22 # A3 # A4) and w is the weighting factor.

The set of indices defined are assessed for their classification ability using a classification model and
the configuration providing the best classification accuracy is retained. This configuration
corresponds to the best SDI.

A, A2, A3, A4 could be implemented later as filters on the MS sensor equipped with four cameras. For
example, among the Narrow-band filters from the MidOpt catalogue, we can choose the ones having
the central wavelengths that correspond to or is the closest to A1 , A2, A3, A4. The computation of the
SDI could be calculated later on, using the corrected reflectance values gathered form the four
cameras.

The computational load is higher when the number of wavelengths that have been selected by GA-
KNN or SPA-KNN is higher because the exhaustive search will look for the best combination of four
reflectances and weights among the pool of available reflectances. Hence, the number of
combinations to be tested varies depending on the number of features given for each case.

4.3.3.2 CLASSIFICATION MODEL

There are hundreds of classifiers in the literature (support vector machines, discriminant analysis,
neural networks, classification trees, naive bayes, adaboost ...) and it is often difficult for researchers
to choose an appropriate classifier for a specific application. The easiest approach that is used to
address this issue is to try empirically several classifiers and select the one having the highest
accuracy.

The Support Vector Machines is a supervised machine learning algorithm, mostly used to solve
classification problems. It consists on defining a boundary (line/hyperplane) that best separates two
classes [106]. The closest points to the boundary are called support vectors; the margin is the
perpendicular distance calculated from the boundary to the support vectors. A maximal-margin
classifier defines a hyperplane separating two classes and having the largest margin. However, a soft-
margin classifier allows points to lie between the margins or on the wrong side of the plane. It is
usually used when classes are not fully separable. A cost parameter, C, defining the trade-off for
misclassifying objects, is used and adjusts the importance of the separation error in the creation of the
separation surface.

In practice, SVM are implemented using kernels. When applying non-linear Kernels (polynomial or
radial), non-linear boundaries are created and the accuracy improves. Due to its flexibility, the Radial
Basis Function (RBF) kernel is however the most used, so we decided to employ it in our study
(Equation (4.2)).

K(xi,xj) = exp(—y”xi — xj||2) 4.2)
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where x; and x; are objects i and j, respectively. Y defines the width of the kernel function; in other
words, it is a shape parameter determining the smoothness of the boundary between the groups in the
original object space. This kernel is recommended as a first choice when selecting SVM kernel, due
to its flexibility.

One of the most known methods for fitting SVM is the sequential minimal optimization method. The
concept and the applications of SVM are discussed in detail in [107].

3

Each feature variable was first scaled to mean “zero” and standard deviation “one”. The shape
parameter Y and the cost parameter C were found using a grid search. The performance of the
classification for a given value (y, C) is evaluated by computing the accuracy across all subjects.

In [108], hyperspectral data were recorded from healthy leaves and leaves inoculated with different
pathogens causing Cercospora leaf spot, sugar beet rust and powdery mildew. Nine spectral
vegetation indices, were used as features for an automatic classification. Early differentiation between
healthy and inoculated plants as well as among specific diseases was achieved by a Support Vector
Machine with a radial basis function as kernel. The discrimination between healthy sugar beet leaves
and diseased leaves resulted in classification accuracies up to 97%. In [109], authors presented a non-
destructive method to discriminate P. aeruginosa strains from simple NIR spectroscopy measurements
aided by variable selection methods. Variable selection techniques were used to select an appropriate
subset of features and are given to LDA for a classification task. The variables selected were then
used for discriminating the strains.

Inspired by the two previous works, we employed the SVM model to identify the potential of the
combination of the variables selected by GA-KNN and SPA-KNN (or more generally SDIs) in
discriminating infected from healthy leaves. In particular, a SVM-based cross-validated classification
model was used in this work; it takes N training samples, trains the classifier on N-1 samples, then
uses the remaining one sample to test. This procedure is repeated until all N samples have been used
as the test sample.

4.4 CONCLUSION

A statistical analysis of reflectance data revealed the weakness point of our sensing technique; in fact,
it can detect the presence of a disease but may be unable to identify it or grade its severity stage. This
conclusion was in accordance with the results obtained by biologists that tried to define the effect of
diseases on leaf contents. In fact, the laboratory experiments showed that modifications identified at
a leaf-level were very similar for the three considered diseases. At this point, we have an idea about
potential of reflectance data. To reach more than a simple disease detection task, other features than
reflectance seem necessary. A texture analysis will be presented in the next Chapter.

As we mentioned before, each reflectance measurement acquired, holds a large number of values on
contiguous narrow bands. Analyzing such high dimensional data is a complex and time-consuming
task; therefore, reducing the dimensionality of the data seems crucial. SVIs were introduced in this
Chapter as an efficient traditional way of decreasing data dimensionality. It can be applied for the
purpose of variable selection. SVIs are widely used to detect leaf contents (pigments, water ...);
nevertheless, these standard indices are not disease-specific.

The difference between reflectance signatures of healthy and diseased plants can be the key to identify
efficient variables correlated with a specific disease. Two new dimension reduction techniques that
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are disease-dedicated were suggested. A data analysis procedure to design specific grapevine disease
indices, that challenge common vegetation indices for a MS imaging application, is exposed. Two
feature selection tools: the GA-KNN and SPA-KNN based approaches, when compared to using
complete hyperspectral data, gave better results. This is somewhat predictable since the collinearity
in the full spectral data will highly degrade results.

The SPA algorithm uses straightforward operations in a vector space to obtain subsets of variables
having reduced collinearity. The overall aim is to remove redundant and unnecessary variables in
order to solve collinearity problems. SPA doesn’t modify the original data vectors, in fact, projections
are adopted only for selection purposes thus, the relation between spectral variables and data vectors
is maintained. GA is one of the most advanced techniques used in the field of predictive analysis, it
is computationally expensive but it performs better than common selection techniques and has the
advantage of manipulating large data sets.

Reflectance features on specific wavelengths obtained with SPA-KNN and GA-KNN will be
compared in terms of accuracy in CHAPTER 6. After being selected by SPA-KNN or GA-KNN,
reflectance features are then combined to design the SDIs. SDIs coming from both methods will also
be tested in CHAPTER 6. Depending on the disease, on one hand and on the grapevine variety on the
other hand, a combination of ratio and normalized reflectances is required each time to correctly
detect the disease. For each disease and after a specific learning task, the selection algorithm coupled
with a classifier could define a certain combination of reflectances at sub-bands that seem interesting
for detecting a specific infection.
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CHAPTER 5
5 TEXTURAL ANALYSIS

5.1 INTRODUCTION

Numerous non-destructive sensing technologies have been implemented to assess the physiological
status of vegetation and to respond to the need for the automatic identification of diseases. As
previously indicated, when an infection occurs, the foliar concentration of pigments and biochemical
components is altered ([110], [111] ). As a result, the infected leaf reflectance in the visible and near-
infrared regions of the electromagnetic spectrum is no longer perfect and similar to a healthy
reflectance. This assumption was confirmed in this thesis; indeed, we found that the reflectance data
can be considered as a tool for damage detection in grapevines. However, reflectance data alone might
not be capable of identifying the infection that’s why other features need to be tested.

The identification of the symptoms of plant diseases by means of an automatic system may provide
solutions for farmers in their struggle against disease outbreaks. In the last Chapter, we proposed
some techniques for determining a set of MS bands. However, the tests in the context of this thesis
are done at a leaf-level scale. When going from the leaf scale to the field scale with a UAV, the
sources of noise will multiply. The reflectance data obtained require corrections and might not be
enough, that’s why other parameters are needed to enforce the analysis, such as color, texture or shape
of the disease.

The color modification is an interesting factor to detect a disease but many diseases can cause the
same discoloration on leaves. Disease identification based on color only, seems insufficient. How the
disease spreads spatially and its shape are on the other hand interesting factors to identify it. However,
this would mean that the symptoms are already present. Contrarily, the texture may change even
before the onset of symptoms, which may be an advantage for early detection. In addition to this,
depending on the application, texture features can be more advantageous than shape features for
detecting diseases. In [112], diseased regions shown in digital pictures of cotton crops were enhanced,
segmented, and a set of features were extracted from each of them. Features were then used as inputs
to a SVM classifier and tests were performed to identify the best classification model. With this
procedure we found that features composing the group texture achieved the highest classification rate
(83%) while features composing the group shape achieved only (55%).

In general, texture from colored images provide a valuable mean for assessing grapevine
contamination. Employing texture features might not only optimize the infection detection but could
also enable disease discrimination. Actually, symptoms of diseases appear differently, for example
Esca disease induces stripes while FD and BN cause uniform discoloration. Hence, by studying the
distribution of gray levels on infected leaves, we may be able to differentiate among grapevine
infestations.

A statistical investigation of the texture data calculated from RGB images was done using a simple
Principal Component Analysis (PCA) but wasn’t shown here. This analysis should be later tested on
texture data extracted from MS images. The overall aim was to check the potential of texture data in
detecting FD, BN and Esca diseases, grading their severity stage and discriminating among them.
PCA was adopted and intra-class and inter-class distances on the obtained clusters were calculated.
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We concluded from the analysis that texture data could be employed with confidence to detect
diseases, to distinguish among them and to define their infestation level.

In the scientific literature, extensive studies investigated the potential of texture features in disease
detection and found promising results. In [113], three diseases were investigated: rice bacterial leaf
blight, rice sheath blight and rice blast. After segmentation of the infested spots, shape and texture
descriptors were defined. The SVM classifier detected and classified these disease spots with an
accuracy of 97.2%. Many authors studied the potential of image processing in classifying plant
diseases. A review of the image analysis techniques used to identify and classify fungal disease
symptoms can be found in [114]. In that study, four different classes of agriculture and horticulture
crops: fruit crops, vegetable crops, cereal crops and commercial crops affected by fungal disease were
studied. Algorithms for feature extraction and classification based on image processing techniques
were also exposed. Similarly, the paper [115] stated various methods used to study leaf disease
detection. Finally, the article [116], discussed various techniques to extract the affected part of a plant
along with some feature extraction and classification techniques.

The idea of using both reflectance and image data for the sake of classifying crop infections was
already inspected in other studies. For example, texture parameters were extracted from hyperspectral
images and both spectrum and texture for early blight disease detection on eggplants were
investigated [117]. Four effective wavelengths were defined and then the corresponding gray-level
images were further processed. Authors extracted eight texture features based on gray level co-
occurrence from these gray images. K-Nearest Neighbor (KNN) and AdaBoost classifiers were used
for building models that detect healthy and infected samples. Reported results from this study were
very good (over 88.46% precision). Another work of Xie et al. [118] employed texture features from
hyperspectral images to detect different tomato leaves infections. Five sensitive wavelengths were
chosen and the corresponding MS images are extracted. Eight texture features based on gray level co-
occurrence matrix are computed from these MS images. Once the features are ready, extreme learning
machine (ELM) classifier models were established for reflectance data and for textural data. Spectral
detection models yielded an excellent overall classification accuracy of 97% to 100%, textural
detection models also carried effective information and scored good results (72%).

In this Chapter, we will test some traditional texture features and try an optimal combination for the
sake of grapevine disease identification when symptoms start to become visible. The number of
texture parameters calculated on each colored band of the sample leaf images, might rapidly become
extensive; hence a feature selection step seems essential (ReliefF). Each reduced set of texture
characteristics is then injected as an input to a classification model. Just like the reflectance data
analysis, we had the classes of the samples (infected and what infection in particular, healthy), so a
supervised classification model is employed also for texture data analysis. The general flow of the
procedure is shown in Figure 5.1.
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Figure 5.1 Classification of textural data by using ReliefF, a feature selection technique.

5.2 PROPOSED TEXTURE ANALYSIS

RGB leaf images are converted to the HSV space then segmented. Pixels corresponding to the leaf
are kept and afterwards texture features are extracted from the Lab space.

Figure 5.2 presents the different steps of the pre-processing strategy. The HSV color space is used
for leaf segmentation. Then, texture features, that will be presented next, are extracted from each band
of the Lab color space.
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Figure 5.2 Detailed approach proposed for the classification of textural features extracted from RGB images.
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5.2.1 RGB TO HSV CONVERSION

First, RGB images are converted to Hue Saturation Value (HSV) space through a non-linear
transformation (Equations (5.1), (5.2), (5.3), (5.4)). Note that these equations are function of the
illuminant. This color space was tested since it is a good descriptor that is close to human perception.
According to reference [119], RGB is ideal for color generation but HSV model is ideal for color
description. Hue describes the actual color as perceived, saturation is the purity of a color and value
means the lightness or darkness of a color.

v =max(r,g,b) (5.1)
. {(v — mlrg(r,g, b) = 255) /v ;7:(())} (5.2)
|( (g—Db)= 65—0 v=r \I
h= 180+(b—r)*% v=g } (5.3)
t 240+(r—g)*% v=">b J
if h<0 then h=h+3=60 (5.4)

Where r, g and b represent pixel values of red, green, blue (RGB) color of image respectively and h,
s and v represent the new color channels in the HSV color space.

5.2.2 LEAFSEGMENTATION

After HSV color space conversion, a background subtraction was performed. The goal is to divide
the image into 2 classes (background and leaf). The leaf was segmented from each HSV converted
image using the K-means algorithm. K-means is an iterative clustering algorithm that is well-used in
many applications. It aims to partition a given set of patterns into different groups. The patterns
belonging to the same cluster are similar and are distinguishable from those belonging to another
cluster. Many applications studying the image processing potential in classifying diseases in the
agricultural field, adopted the K-means algorithm. The work [120] explained that K-means finds a
relevant partition in which elements in each cluster are close to each other, and at the same time far
from objects in other clusters. Each cluster in the partition is defined by its member objects and by its
centroid; K-means minimize the sum of distances from each element to its cluster centroid, over all
clusters that have been created. This algorithm moves objects in between clusters until the sum cannot
be reduced any further. The result is a set of clusters that are as compacted and are well-separated as
far as possible. The minimization can be modified using possible input parameters to K-means
algorithm; this involves the initial values of centroid of each cluster and the allowed number of
iterations. By default, K-means use the cluster center initialization and the squared Euclidean distance
metric to determine distances.

K-means segment the images into two distinct regions, then the background pixels are set to zero and
only the pixels relative to the leaf are kept and used in the next steps of the analysis.

5.2.3 RGB TO LAB CONVERSION

The HSV color conversion is applied again on the segmented RGB image using the above-mentioned
equations. Another Lab color space conversion is also performed, the D65, CIE standard illuminant
was used for this purpose. The Lab system [121] is defined by the International Commission on
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Illumination (CIE) to describe colors in agreement with the human vision. To transform an image
from the RGB to the Lab color spaces, the RGB image must be converted into CIEXYZ space first
using the following (Equations (5.5), (5.6), (5.7)) [122]:

X =04124 %7+ 03576+ g+ 0.1805+ b  (5.5)
Y = 02126 %7+ 07152 g + 0.722 b (5.6)
Z=00193 7 +0.1192 % g + 0.9505 b  (5.7)

Brightness and color information of Lab color model are independent one another. In Lab color
model, ‘L’ describes color brightness; ‘@’ describes the color ranging from green to red; ‘b’ describes
the color ranging from blue to yellow. Conversion Formulas for Lab color model are shown in
Equations((5.8), (5.9), (5.10)) [123].

L =02126 1+ 0.7152 x g + 0.0722 b (5.8)
a =1.4749 x (0.2213 xr — 0.3390 * g + 0.1177 = b) + 128 (5.9)
b = 0.6245 % (0.1949  r + 0.6057 x g — 0.8006 * b) + 128 (5.10)

The Lab color space is represented as a cube. The L axis refers to luminosity and runs from top to
bottom with a maximum of 100 (representing white) and a minimum of O (representing black). The
‘a’ and ‘b’ axis refer to chromaticity indicating where the color falls along the red-green axis and
blue-yellow axis, respectively. These axes have no specific numerical limits.

The Lab is expected to provide a nearly uniform color space, in which the differences between two
points in the color space resemble to visual differences between two sketched colors. This color space
was adopted in [124]. Authors in [125] also used the Lab color space but chose only the band b as
input for their segmentation.

5.2.4 TEXTURE CALCULATION

Extensive research has been conducted to explore various methods for automatic detection of plant
diseases. The measurements of texture from digital images can be used as a useful tool for disease
outbreaks diagnosis. Many texture parameters are extracted from each band of the Lab sample leaf
images. These parameters are traditional ones found in the scientific literature. The intuition behind
testing the following texture features is that they performed well in the task of disease detection in
the medical field.

5.2.4.1 HISTOGRAM MOMENTS

The first step in our texture analysis was to examine the first-order or low-level statistics describing
the image gray-level distribution (histogram). By direct use of histogram calculated from the image
pixel gray-level values, four first-order statistics were evaluated: mean (Equation (5.11)) , standard
deviation (Equation (5.12)), skewness (Equation (5.13)), and kurtosis (Equation (5.14)) [126], leading
to 12 features (4 features x 3 bands) for each image in a defined color space.

In [127], there are details about the histogram moments. A histogram presents the gray-level
intensities on the x-axis and the frequency of occurrence of any particular gray-level in the y-axis. It
is an estimate of the probabilistic density function, or, in practice, the discrete probabilities p(i) of
grey levels i, with i =0,..., L-1 (usually L=256), in an image.

74



CHAPTER 5. TEXTURAL ANALYSIS

The statistical average gray level:
u = XS ip() (5.11)
The second order moment is the variance:
pp = TiZgi—m)’p(®) (5.12)
Skewness (moment order 3 pa):
Hs = TiZo(i —m)’p(®) (5.13)
Kurtosis:
k=1L (5.14)

uz?
A study conducted in [128] examined the efficiency of applying histogram features for characterizing
coronary plaques in intravascular ultrasound images.

5.2.4.2 STATISTICS OF GRYAY-LEVEL CO-CCURRENCE MATRIX (HARALICK PARAMETERS)

Grey Level Co-occurrence Matrix (GLCM) is one of the most frequently used approaches for texture
analysis. It can describe essential characteristics of an image related to second order statistics
introduced by Haralick [129].

Many scientific studies applied texture parameters from GLCMs for disease classification of various
crop applications. The authors in [130] investigated the use of texture features extracted from hue,
saturation and intensity color space for the classification of citrus leaves under laboratory conditions.
The research conducted in [131] studied diseases from ten species (banana, beans, jackfruit, lemon,
mango, potato, tomato, and sapota) and the algorithm could classify diseases with an accuracy of
94%. Focusing more on the grapevine crops, authors in [132], studied downy mildew and powdery
mildew in their experiments. Disease diagnosis was possible by applying image processing and
artificial intelligence techniques.

GLCMs can be computed by defining the neighbor relationship between pixels, in fact, the distance
step length d and the direction 6 should be determined to create the co-occurrence matrix G(i, j | d,
0). The element (i,j) of the matrix G is the frequency of appearance of grey-tone j near the reference
grey-tone i within the image at a defined distance and direction. The GLCM is a square matrix where
the number of rows and columns equals the number of gray levels considered.

In this study, symmetrical GLCMs are constructed for each single channel image and calculated for
(6=0°6=45°0=90° 0 = 135° with an offset of 1 pixel.

A set of features derived from four directional symmetrical GLCMs are considered for texture
characterization. Based on the co-occurrence matrix, we can extract texture features called second
order statistical features.

Haralick proposed 14 different features. Although some of them are redundant, they are entirely used
in our analysis, but later on, only some of them will be selected. Amongst all 14 features, contrast,
correlation, energy, and homogeneity, are probably the most important ones and they are detailed
next ( [133], [134] ).
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The probability of appearance of a grey-tone i near the reference grey-tone j within the image at a
defined distance and direction is p(i,j).

Contrast (K) (Equation (5.15)) measures local variations in gray level from a pixel to its neighbor in
an image, it shows the texture fineness.

K =3%,,(i-)’r@j) (5.15)

Correlation (R) (Equation (5.16)) measures the linear dependence of gray-levels in the co-occurrence
matrix or in other words, the correlation intensity between neighboring pixels.

R=3,, (i-m)(j-mj)p@.j) (5.16)

0’in

mj and m; are the average of row i and column j in the GLCM, respectively. ci and oj are the standard
deviations of row i and column j in the GLCM, respectively.

Energy (E) (Equation (5.17)) known as the angular second moment, it’s simply the sum of squared
elements in the GLCM. It measures uniformity of an image.

E=3%;p@j)? (5.17)

Homogeneity (H) (Equation (5.18)) is a measure of the closeness of the distribution of elements in
the GLCM to the diagonal. Homogeneity is unity for a diagonal GLCM. This is the case where all
pixels in the original image have the same value as their neighbor.

H=y,, 2 (5.18)

1+|i-j]

5.2.4.3 STATISTICS OF GRAY-LEVEL-RUN-MATRIX

In coarse texture, long gray-level runs would often appear, however, in fine texture short runs are
mainly present. Based on this observation, Galloway proposed the use of a run-length matrix for
texture feature derivation [135]. For a given image, a run-length matrix p(i,j) is defined as the number
of runs with pixels of gray level i and run length j. Various texture features can then be derived from
this run-length matrix [136]. From an original run-length matrix p(i,j), the first five original features
of run-length statistics were derived in [135]. Then work [137] suggested two new features, to extract
gray-level knowledge in the matrix. Afterwards, article [138] described other four features adopting
the idea of joint statistical measure of grey-level and run-length, their equations are given next.

Short Run Low Gray-Level Emphasis (SLRGE) (Equation (5.19)) is the distribution of the short
homogeneous runs with low grey-levels.

SRLGE = —XM, p@.j) (5.19)

j=1 i2j2

Short Run High Gray-Level Emphasis (SRHGE) (Equation (5.20)) is the distribution of the short
homogeneous runs with high grey-levels.

SRHGE = frZﬁlZ“-’ PGDE (5 90)

j=1 j2

Long Run Low Gray-Level Emphasis (LRLGE) (Equation (5.21)) is the distribution of the long
homogeneous runs with low grey-levels.
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i2

o
LRLGE = nizﬁilzﬁy:lp(li’ M (5.21)

Long Run High Gray-Level Emphasis (LRHGE) (Equation (5.22)) is the distribution of the long
homogeneous runs with high grey-levels.

LRHGE = -5, 5L, p(i,j). 2.7 (522)

With ny corresponds to the number of homogeneous runs in the region of interest.

In [138] all eleven features were tested on the classification of a set of cell images and showed that
the last four features are more efficient. These features are all based on an intuitive interpretation, in
order to catch some apparent properties of the run-length distribution. The problem is that many of
these features are highly correlated with each other. A classification of samples characteristic of the
CT appearance of three obstructive lung diseases and normal lung tissue was tested in [139].
Sensitivity and specificity of 73.6% and 91.2% were achieved, respectively. The method gives good
accuracy, which suggests that it should be included as one of the main CT feature extractors for the
automated detection of obstructive lung diseases.

5.2.4.4 FRACTAL DIMENSION

Fractal dimension measurements can be used to estimate and quantify the complexity of the shape or
texture of objects ( [140], [141] ). Fractal geometry involves various approaches to define fractional
dimensions; the most familiar one is the Hausdorff’s dimension. Considering an object that possesses
a Euclidean dimension E, the Hausdorftf’s fractal dimension (Equation (5.23)) Do can be computed
by the following expression:

Dy = lim29M© (5.23)

e—0 loge™1

Where N(e) is the counting of hyper-cubes of dimension E and length ¢ that fill the object.

If we consider an object represented by a binary image I», an approximation D for Do can be obtained
through the box counting algorithm [142]. Without loss of generality, the algorithm for the 2D case
can be described as follows. Initially, the image is divided into a grid composed of squares of size ¢
X €. The next step consists in counting the number N(¢e) of squares of size € x ¢ that contains at least
one pixel of the object. By varying the value of € X ¢, it is possible to create a log N(g) vs log £ curve.
Finally, this curve is approximated by a straight line using a line fitting method (like least squares
fitting). The fractal dimension D corresponds to the slope of this line.

We employed in this work, the Segmentation-based Fractal Texture Analysis, or SFTA presented in
[143]. The algorithm consists on decomposing the input image into a set of binary images. For this
purpose, a two-threshold binary decomposition algorithm is employed. Then, from these binary
images, the fractal dimension is calculated for the segmented regions to describe the texture patterns.
SFTA was further evaluated in the study for the application of content-based image retrieval and
image classification. Its performance was compared to other feature extraction techniques such as the
Gabor filter banks which is one of the most widely used in the field. SFTA provided a higher precision
and accuracy for both applications. Additionally, Gabor was at least 3.7 times slower than SFTA.
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Some studies, like in [140] investigated the use of shape and fractal analysis in classifying breast
masses. Results proved a significant difference between malignant and benign tumor masses in terms
of fractal dimension. Fractal dimensions also showed a similar accuracy to some shape features.

5.2.4.5 STATISTICS OF LAPLACIAN OF GAUSSIAN

The theoretical framework of the LoG technique is detailed in [144]. The Laplacian of Gaussian
(LoG) filter can be viewed as the combination of a Gaussian smoothing operator with a kernel of
width sigma (o) and anisotropic filter, the Laplacian, which measures the second spatial derivative in
the image. The LoG is commonly used to detect edges and blobs at various scales. For each segmented
region of interest, a LoG filter was applied using o values of 0.5 (fine texture type), 1.5 (medium
texture type) and 2.5 (coarse texture type). The region was then quantified by computing the average,
standard deviation, skewness, kurtosis and entropy of its LoG values.

The LoG filter is mathematically defined in [145] as AG(x,y) with A the Laplace operator and G(x,y)
a two-dimensional Gaussian (Equation (5.24)). The gaussian was as follows:
_(x24y?)
G(x,y) = —e 202 (5.24)
This gives a LoG filter described as in Equation (5.25):

2.2
x2+y? _(x%+y%)

4 ASallLE4
AG=V.VG =5 (1 -0 202 (5.25)

where x and y are the variates for a 2D case.

Fine texture features calculated form the LoG filter were associated with a low 5-year overall survival
rate in sick patients in [146], meaning that LoG features could be a good indicator of the absence or
presence of colorectal cancer.

5.2.4.6 STATISTICS OF WAVELET

The continuous wavelet transform of a signal x(t) (Equations (5.26), (5.27)), is defined as y(t) in
[147]:

Wy(e,d) = [ x(0) * ea()dx (5.26)
Where

I
Yeal) = W) (627)

The wavelet yap i1s computed from mother wavelet y by translation and dilation; where a is the
dilation factor and b is the translation parameter (both are real positive numbers). By restraining c
and d to a discrete lattice (c=2%) we can obtain the discrete wavelet transform. There are many
wavelets which have gained popularity throughout the development of wavelet analysis. One
important discrete wavelet is the Haar wavelet due to its simplicity [148]. In this work, however, we
found that the Biorthogonal wavelet gave better classification accuracy, so we adopted them.

The Discrete Wavelet Transform (DWT) (Equation (5.28)) acts on a data vector converting it into a
numerically distinct vector of the same length by using a linear transformation. It is a tool that
separates data into different frequency components. By using wavelets, the function can be analyzed
at various levels of resolution [149].

DWT can be expressed as:
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djx =X x(n)h}‘(n — 2jk)

Dwmmztm=zmmwm—wm

(5.28)
The coefficients djx are the detail components in signal x(n), whereas ajk are the approximation
components in the signal.

The functions h(n) and g(n) in the equation represent the coefficients of the high-pass and low-pass
filters, respectively, parameters j and k refer to wavelet scale and translation factors.

The DWT is applied on a set of images and statistical features are extracted from the approximation
and detail regions of DWT decomposed images, at the two first scales in [150]. In the case of two-
level decomposition, four subbands are created, labeled LH1, HL1 and HH1 presenting detail images
while the sub-band LL corresponds to the approximation image. The sub-band LL1 can be further
decomposed and sampled to obtain the next level of wavelet coefficients. Parameters such as average,
standard deviation, skewness, kurtosis and entropy are calculated from the approximation and detail
images with a two-level decomposition case.

An experiment performed in [151] considered 242 cases of breast tumors (including benign from 161
patients and carcinomas from 82 patients). A 10-fold cross-validation sampling was employed to
evaluate the performance. For the proposed system, the sensitivity was 98.77%, the specificity was
81.37%, the positive predictive value is 72.73% and the negative predictive value is 99.24%.
Experimental results showed that the model using Wavelet features performed very well for breast
tumor diagnosis.

5.2.4.7 STATISTICS OF GRADIENT FILTER

The algorithmic approach is first to compute directional gradients, Gx (Equation (5.29)) and Gy
(Equation (5.30)), with respect to the x-axis and y-axis. The Sobel filter (Figure 5.3) was used for this
purpose.

[10]-I 1271
2(0]-2 ojo|o
10]-I -l]-2 -1

Figure 5.3 Sobel filter masks (Sx on the left and Sy on the right).
We ran this filter over the image in order to get:

R=S0f (6529
aof _
5= ®f (530

f is the image and the resulting image gradient: Vf = [Z—ﬁ,z—i]

The gradient magnitude and direction could be then computed from their orthogonal
components Gx and Gy.

The Gradient’s direction is defined in Equation (5.31) :

— tqn-1¢%f ,9f
6 =tan™'(5-/ ) (5.31)
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The Gradient’s magnitude is defined in Equation (5.32) :

Il = &2+ &y (532)

The histograms corresponding to the gradient magnitude are calculated and again four statistics were
evaluated: mean, standard deviation, skewness, and kurtosis, giving 12 features for each image. In
order to distinguishing between different kinds of rice paper, a study was conducted in [152]. The
authors calculated second order statistics on the gradient filtered multispectral images of rice paper
and reported good average classification accuracy.

5.2.4.8 COMBINATION OF TEXTURE FEATURES

Many researchers had the idea of combining texture features. For example, in the study [112], authors
assessed the following parameters: texture, shape, fractal dimension, lacunarity, histogram of
frequencies, grey-level dispersion. Features composing the group texture achieved the highest
classification rate (83%) and features composing the group shape achieved the lowest (55%). On the
contrary, when all features were used as inputs, classification accuracy was 90%. This method did
not suggest to remove groups of features, rather it advised the use of the whole set. Hence, in our
work, we will test the combination of our whole set of features with and without reducing it.

5.3 FEATURE SELECTION WITH RELIEFF

ReliefF is used for random selection of instances for feature weight calculation [153]. It finds a
candidate set by filtering out many unimportant features and hence reducing the computational load.
This feature selection technique is able to effectively provide quality estimates of attributes in
problems with dependencies between attributes. ReliefF finds the weights of predictors in the case
where the response is a multiclass categorical variable. The algorithm penalizes the predictors that
give different values to neighbors of the same class, and rewards predictors that give different values
to neighbors of different classes. The algorithm was extensively evaluated and many enhanced
versions were also proposed in different works, an example of a different implementation of the
ReliefF algorithm figures in the study [154].

In the scientific literature, GA and SPA were mainly used for hyper-dimensional data that are similar
to our reflectance data. For another type of data, like texture features, ReliefF and its variations were
extensively used for the aim of feature selection. ReliefF was also based on the KNN classifier which
somehow homogenizes our variable selection procedure in this thesis. The resulting reduced set of
features is injected into a classification model.

In paper [155], the authors studied the effects of reducing the number of features and selecting the
most effective subset of features in the context of content-based image classification and retrieval of
objects. Legendre moments are extracted, then ReliefF algorithm selects the most relevant and non-
redundant features. Later, a classifier is used to categorize the images. The experimental results show
that by selecting much lower number of features with ReliefF, we can improve retrieval in terms of
speed and accuracy. The study in [156] established a fully automated computer-aided diagnosis
system for the classification of malignant and benign masses via breastmagnetic resonance imaging.
A classifier in conjunction with ReliefF feature selection was used to merge the extracted
morphological and texture features into a classification score. The ReliefF algorithm was useful in
selecting an optimal subset of breast tumor features. The subset could be used to decrease feature
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dimensions and weight minimum distance classifiers. In terms of computerized characterization, the
Fisher and SVM methods were used separately to select morphological and texture features. It was
demonstrated that the ReliefF-SVM model exhibited the best performance. Article [157] proposed a
method to predict and classify cancer. Feature selection techniques are important for detecting the
necessary training features. In this work, an improved method of the Relief algorithm called ReliefK
was proposed and yielded satisfactory results. The feature selection was used as preprocessing step
for selecting the 14 features before training them by Back propagation neural network.

Since ReliefF seemed convenient for analyzing texture data, we applied it in our work. We reduced
the set of features by selecting the top texture features chosen by the ReliefF technique for further
classification. In fact, ten features were chosen because this is the minimum size of features that gave
high classification accuracy in most cases. Adding more features won’t change the accuracy much.

5.4 CLASSIFICATION MODEL

Choosing the most appropriate classifier for an application is a tricky task because there are hundreds
of classifiers in the scientific literature. In [158] the authors reviewed some of the most used classifiers
for disease detection using imaging and introduced their advantages and disadvantages. In [159],
some recent crop disease identification and the classifiers employed for this purpose are also
discussed.

Acrtificial Neural Networks (ANNS) are a well-known technique that has shown successful results in
many real applications, particularly in the agricultural field. For example, authors in [160] gathered
data from Florida grapefruit, orange, and tangerine varieties using a color-based vision system and
used multiple neural network classification processes to detect blemish-related features for the citrus
fruit. Dheeb Al Bashish, et al [161] also used ANNs and employed color and texture to classify five
diseases which can impact plants; they are: early scorch, cottony mold, ashen mold, late scorch, tiny
whiteness. Scientists in [132] used ANNs for diagnosing and classifying diseases in grape leaves.
Downy Mildew and Powdery Mildew infections are tested and the authors claimed to have a training
accuracy of 100%. Researchers in [162] further used ANNSs to classify the watermelon leaf diseases
of Downy Mildew and Anthracnose. The true classification rate depicted was 75.9%.

While ANNs perform well in most applications, their popularity remains inferior to the support vector
machines (SVM), which are computationally cheaper and provide similar or even better performance
than ANNs [163]. In [164], the authors demonstrated better performance of the SVM classifier over
ANNs for differentiation of benign and malignant brain tumors. SVMs were also applied for brain
tumor classification in [165], [166]. Other applications of SVMs include the staging of liver fibrosis
[167], detection of prostate [168], assessment of osteoarthritis [169], classification of cervical cancer
[133], mammogram lesions [170], and Parkinson disease [171].

SVM for texture data classification was widely used in the agricultural field in particular and gave
good performance in several applications. For detecting rice diseases early and accurately, image
processing techniques and Support Vector Machine (SVM) were employed in [113]. Rice disease
spots were segmented and their shape and texture features were extracted. SVM was employed to
classify rice bacterial leaf blight, rice sheath blight and rice blast. The results showed that SVM could
effectively detect and classify these disease spots to an accuracy of 97.2%.
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Another application can be found in [131]. First a color transformation structure for the input RGB
image is created; then the green pixels are masked and removed using specific threshold value
followed by segmentation process, the texture statistics are computed for the useful segments; finally
the extracted features are passed through the SVM classifier. The proposed algorithm’s efficiency can
successfully detect and classify the examined diseases with an accuracy of 94%.

We employed for our texture analysis, similarly to our reflectance analysis: a SVM cross validated
model.

5.5 CONCLUSIONS

Digital image processing is advantageous because images can be reproduced, stored, and used at a
later time as historical documents of vegetation status.

The sample leaf images were segmented using K-means, then they were converted to the Lab color
space. In fact, the Lab color space was the best for disease detection with respect to HSV and RGB
in terms of correct classification accuracy (results for HSV and RGB color spaces were not shown
here). A set of texture features was then calculated for each band of the Lab colored leaf images. We
investigated if one type of texture features can be sensitive for detecting all considered diseases in
our tested grapevine varieties. We also assessed combining texture features and significantly
eliminate redundant ones. In fact, only ten texture features were kept when a concatenation of texture
techniques is adopted; the ReliefF was efficient for this purpose. The performance of each texture
technique solely and their concatenation was evaluated using a supervised classifier.

The main contribution of this Chapter was the demonstration that color imaging in general and texture
feature analysis, in particular, could be used for detecting foliar symptoms of FD, Esca and BN
diseases but only when symptoms are already starting to become visible. The use of texture analysis
was also demonstrated to be feasible for disease identification and severity grading.

The tests that are presented in this Chapter are supposed to be re-used on MS images when the final
sensor is ready.
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CHAPTER 6
6 RESULTS AND DISCUSSIONS

6.1 REFLECTANCE DATA ANALYSIS

In this first section, we will present and discuss the results of the reflectance data analysis. The use of
complete spectral data is presented in ANNEX C. Here, the use of traditional SVIs is first investigated
and afterwards, the potential of the feature selection by SPA-KNN and GA-KNN is assessed. Finally,
the particular SDIs deduced from SPA-KNN and GA-KNN are also tested and comapred.

The classifier used for reflectance data analysis is SVM with cross-validation. For reflectance
analysis, we only tested the potential of different methods in disease detection, which means that a
binary configuration is used (healthy vs diseased), only healthy and infested groups exist. Here, there
IS no distinction between the infestation levels. One disease is tested at a time but a combination of
varieties is investigated.

In the PACA region, the reflectance data were acquired in 2016 and the disease studied was FD. In
the Nouvelle-Aquitaine region, the reflectance data were measured in 2017 and the infection tested
was Esca. In the Burgundy region, the reflectance data used were recorded in 2017 and the infestation
considered was BN.

The model accuracy defines the percentage of correctly classified test set samples; the false negative
rate (FNR) is the percentage of negative results that are, in fact, positive; and the, false positive rate
(FPR) is the percentage of positive results that are, in fact, negative. Note that, in our case we
considered the positive class as the diseased class and the negative class as the healthy one. What can
be critical in disease diagnosis is probably the FNR, which means that a diseased case was claimed
to be healthy. In general, the lower the FNR, the better the classifier is.

ROC curve is a performance measurement for classification problem at various thresholds settings.
ROC is a probability curve. The ROC curve is plotted with True Positive Rate (TPR) against the False
Positive Rate (FPR) where TPR is on y-axis and FPR is on the x-axis.

AUC represents degree or measure of separability. It tells how much model is capable of
distinguishing between classes. An excellent model has AUC near to the 1 which means it has good
measure of separability. A poor model has AUC near to the 0 which means it has worst measure of
separability. In fact, it means it is reciprocating the result. It is predicting Os as 1s and 1s as 0s. And
when AUC is 0.5, it means model has no class separation capacity whatsoever.

6.1.1 DATA CONFIGURATION (DISEASE DETECTION, BINARY CLASSIFICATION)

6.1.1.1 PACA REGION

The data considered for the reflectance analysis in the PACA region correspond to those acquired in
2016. The disease tested here was FD. Two dimensions can be used in the analysis of these data. The
first dimension is the severity of infestation which implies the number of classes used. Here, a binary
classification was adopted (shown in Figure 6.1); in fact, we studied the healthy group versus the
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diseased group as a whole (slightly infested measurements from the August acquisition campaign +
highly infested measurements from the September acquisition campaign).

The second dimension is the type of measurements. In the testing campaigns, four varieties were
taken into consideration: Marselan, Grenache, Vermentino and Chardonnay. They each could have
been studied separately or combined which means that the analysis could be conducted based on the
grapevine color; so, two groups were considered: Red (measurements from Marselan + measurements
from Grenache) vs White (measurements from Vermentino + measurements from Chardonnay). In
the last case, all the grapevine measurements were combined together (measurements from Marselan
+ measurements from Grenache + measurements from Vermentino + measurements from
Chardonnay).

Binary classification Marselan Grenache Vermentino Chardonnay

Severity of infestation O
(Healthy)

Severity of FD infestation 1
(Slightly infested)

Severity of FD infestation 2
(Highly
infested)

—— Marselan - - -~ Grenache —-— Vermentino — -+ — Chardonnay

............. White Red —_  All

Figure 6.1 PACA data configuration relative to a binary classification.

6.1.1.2 NOUVELLE-ACQUITAINE REGION

The data considered for the reflectance analysis in the Nouvelle-Acquitaine region correspond to
those acquired in 2017. The disease tested here was Esca. One dimension can be used in the analysis
of these data; it is the severity of infestation which implies the number of classes used. Here, a binary
classification was employed (shown in Figure 6.2); in fact, we studied the healthy group versus the
diseased group as a whole (slightly infested measurements from the July acquisition campaign +
highly infested measurements from the September acquisition campaign).
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Binary classification

Cabernet-Sauvignon

Severity of infestation O
(Healthy)

Severity of Esca infestation 1
(Slightly infested)

Severity of Esca infestation 2
(Highly infested)

7

Figure 6.2 Nouvelle-Aquitaine data configuration relative to a binary classification.

6.1.1.3 BURGUNDY REGION

The data considered for the reflectance analysis in the Burgundy region correspond to those acquired
in 2017. The disease tested here was BN. One dimension can be used in the analysis of these data; it
is the severity of infestation which implies the number of classes used. Here, we used a binary
classification (shown in Figure 6.3); in fact, we studied the healthy group versus the diseased group
as a whole (slightly infested measurements from the August acquisition campaign + highly infested
measurements from the September acquisition campaign).

Binary classification

Chardonnay

Severity of infestation 0
(Healthy)

Severity of BN infestation 1
(Slightly infested)

Severity of BN infestation 2
(Highly infested)

7

Figure 6.3 Burgundy data configuration relative to a binary classification.
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6.1.2 TRADITIONAL SVIs

In this section, the results of the classification using the common SVIs are presented. Only the best
SVIs will be mentioned next (the ones that scored the highest accuracy for each case).

6.1.2.1 APPLICATION TO PACA 2016 DATA

Table 6.1 presents the result of calculating the best traditional SVI from August measurements
(slightly infected leaves). The classification accuracies were satisfying (>91%) and No FNR was
reported for Grenache leaves. ARI is convenient for Red-grapevine varieties when considered
individually or combined (>90%). ZTM behaved well for Vermentino and Chardonnay (>91%) but
when combined, TCARI/OSAVI performed better (92%). This index was also robust when all
observations are considered together (92%).

Table 6.1 Results of using the best SVI in classifying different groups of spectral data acquired in the August
acquisition campaign for FD detection (Severity of infestation = 1).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Best SVI
Marselan 90.32 11.11 7.69 0.94 PRI-ARI
Grenache 96.88 0.00 6.25 1.00 ARI

Vermentino 93.75 5.88 6.67 0.94 ZTM
Chardonnay 90.63 11.11 7.14 0.91 NDVI-ZTM
Red 95.24 5.88 3.45 0.99 ARI
White 92.19 11.11 3.57 0.92 TCARI/OSAVI
All 92.13 13.51 1.89 0.92 TCARI/OSAVI

Table 6.2 presents the result of calculating the best traditional SVIs from September measurements
(highly infected leaves). In this case, all accuracies were enhanced with respect to those of August
(>94%). The best results were obtained for white-berried signatures and no FNR were found (97—
98%). Similar to the first acquisition campaign, the index ARI was interesting for the red-berried
signatures (>97%). Moreover, ZTM and GM1 were chosen for Vermentino and Chardonnay (98%)
but when combined, GM1 was selected (99%). mCAIl was the most robust index when All
measurements are mixed together (94.02%).

Table 6.2 Results of using the best SVI in classifying different groups of spectral data acquired in the September
acquisition campaign for FD detection (Severity of infestation = 2).

Grapevine Accuracy (%) FNR (%) FPR (%) AUC Best SVI
Variety
Marselan 96.88 4.00 2.17 0.98 ARI
Grenache 97.53 2.70 2.27 0.99 ARI
Vermentino 98.18 0.00 3.23 0.96 NDVI-mCAI-PSSRb-ZTM
Chardonnay 97.73 0.00 3.85 0.96 NDVI-mCAI-PSSRb-GM1-GM2-

ZTM-TCARI/OSAVI
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Red 98.31 2.33 1.10 0.99 ARI
White 98.99 0.00 1.75 0.99 ARI-GM1
All 94.20 7.52 2.80 0.95 mCAl

Table 6.3 presents the results of calculating the best traditional SVIs from August measurements in
addition to those from September (slightly + highly infected leaves). ARI was again chosen to be the
best SVI for classifying red grape leaves (>91%) and was also selected when combined white grape
leaves reflectance was tested (95%). GM1 was found to be interesting for Vermentino (95%) but
ZTM (96%) was more convenient for Chardonnay. mCAl, like the above case, was the most robust
index when all measurements are mixed together (88%).

Table 6.3 Results of using the best SVI in classifying different groups of spectral data acquired in the August and the
September acquisition campaigns for FD detection (Severity of infestation = 1 & 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Best SVI
Marselan 93.70 8.70 3.45 0.9824 ARI
Grenache 91.13 13.70 1.96 0.9753 ARI

Vermentino 95.40 6.98 2.27 0.9730 GM1
Chardonnay 96.05 5.56 2.50 0.9672 GM2-ZTM
Red 93.23 11.19 0.93 0.9888 ARI
White 95.09 8.64 1.22 0.9433 ARI

All 88.41 16.96 5.98 0.9184 mCAl

From the previous section, we can deduce that the FD detection on red (Marselan, Grenache) and
white-berried (Vermentino, Grenache) grapvines in the PACA region using SVIs was overall
satisfying (accuracy>88%). The SVIs performed in general better than complete spectra (ANNEX C)
for early or late season detection. When the severity stages are combined, the SVIs gave better results
in few cases only (Marselan and combined white-berried data). The highest detection accuracies for
SVIs were at the end of the season (severity stage 2). The most frequently used SVI for the FD
detection on red-berried (Marselan, Grenache, Cabernet-Sauvignon) grapevines was ARIl. GM1 and
ZTM were most useful for white-berried grapevines. For the case where measurements from different
varieties are combined the mCAIl and TCARI/OSAVI indices performed the best.

6.1.2.2 APPLICATION TO NOUVELLE-AQUITAINE 2017 DATA

Table 6.4 presents the result of calculating the best traditional SVI from July measurements. The
classification accuracy for slightly infested Cabernet-Sauvignon leaves was very good (98.5%).
No FNR was found. The best SVI was ARI like the previous red-berried grapevines in PACA
region.
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Table 6.4 Results of using the best SVI in classifying different groups of reflectance data acquired in the July
acquisition campaign for Esca detection (Severity of infestation = 1).

Grapevine Variety =~ Accuracy (%) FNR (%) FPR (%) AUC Best SVI

Cabernet-Sauvignon 98.48 0.00 3.33 0.99 ARI

Table 6.5 presents the result of calculating the best traditional SVI from September
measurements. The classification accuracy for slightly infested Cabernet-Sauvignon leaves was
very good (99 %). No FNR was found. The best SVI was ARI like the previous case of severity
stage 1.

Table 6.5 Results of using the best SVI in classifying different groups of reflectance data acquired in the September
acquisition campaign for Esca detection (Severity of infestation = 2).

Grapevine Variety =~ Accuracy (%) FNR (%) FPR (%) AUC Best SVI

Cabernet-Sauvignon 98.89 0.00 2.22 0.98 ARI

Table 6.6 presents the result of calculating the best traditional SVI from July and September
measurements combined. The classification accuracy for slightly and highly infested Cabernet-
Sauvignon leaves was very good (96%) a bit lower than the previous Cabernet-Sauvignon cases.
No FNR was found. The best SVI was PRI here, ARI scored (95.5%) quite similar to PRI.

Table 6.6 Results of using the best SVI in classifying different groups of reflectance data acquired in the July and the
September acquisition campaigns for Esca detection (Severity of infestation = 1 & 2).

Grapevine Variety Accuracy (%) FNR (%) FPR (%) AUC Best SVI

Cabernet-Sauvignon 96.15 0.00 1.33 0.98 PRI

Depending on the earlier section, we can say that the Esca detection on a red grapevine variety
(Cabernet-Sauvignon) in the Nouvelle-Aquitaine region was nealy perfect when tested early or late
in the season. The accuracy was a bit less when the severity stages are combined. The SVI accuracies
here were higher than using complete spectral data no matter what the infestation stage (ANNEX C).
The best SVIs were ARI and PRI. The detection accuracy of Esca on Cabernet-Sauvignon leaves was
higher than the FD detection accuracy on Marselan leaves and on Grenache leaves for all infestation
levels.

6.1.2.3 APPLICATION TO BURGUNDY 2017 DATA

Table 6.7 presents the result of calculating the best traditional SVI from July measurements. The
classification accuracy for slightly infested Chardonnay leaves was very good (98.5%). No FNR
was found. The best SVI was GM1 and ZTM like the white varieties in PACA region for the
same infestation level 1.

Table 6.7 Results of using the best SVI in classifying different groups of reflectance data acquired in the July
acquisition campaign for BN detection (Severity of infestation = 1).
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Grapevine Variety =~ Accuracy (%) FNR (%) FPR (%) AUC Best SVI
Chardonnay 97.78 0.00 4.35 0.99 NDVI, GM1,
ZTM,
TCARI/OSAVI

Table 6.8 presents the result of calculating the best traditional SVI from September
measurements. The classification accuracy for highly infested Chardonnay leaves was very good
(96.6%). The best SVI was mCAI like the previous white-berried grapevines in PACA region for
the same severity level 2.

Table 6.8 Results of using the best SVI in classifying different groups of reflectance data acquired in the September
acquisition campaign for BN detection (Severity of infestation = 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Best SVI

Chardonnay 96.66 3.28 3.39 0.97 mCAl

Table 6.9 presents the result of calculating the best traditional SVI from August and September
measurements. The classification accuracy for highly and slightly infested Chardonnay leaves
was very good (94%) a bit less than the previous Chardonnay cases. The best SVI was
TCARI/OSAVI.

Table 6.9 Results of using the best SVI in classifying different groups of reflectance data acquired in the August and the
September acquisition campaigns for BN detection (Severity of infestation = 1 & 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Best SVI

Chardonnay 93.80 8.11 39.62 0.97  TCARI/OSAVI

As a conclusion from the previous section, we can assume that the BN detection on a white grapevine
variety (Chardonnay) in the Burgundy region was nealy perfect when tested early or late in the season.
The accuracy was a bit less when the severity stages are combined. The SVI accuracies here were
higher than using complete spectral data only for the first the infestation stage (ANNEX C). The best
SVIs were ZTM, GM1, mCAIl and TCARI/OSAVI. The detection accuracy of BN on Chardonnay
leaves was higher than the FD detection accuracy on Vermentino leaves and on Chardonnay leaves
in PACA region early in the season and lower late in the season and when infestation stages were
combined.

6.1.3 PROPOSED THEORETICAL DEFINITION OF OPTIMAL REFLECTANCE FEATURES WITH SPA-
KNN

6.1.3.1 APPLICATION TO PACA 2016 DATA

Table 6.10 presents the result of calculating the optimal reflectance features from August
measurements (slightly infected leaves) using SPA-KNN. The results are in general satisfying
(>85%). The highest accuracy was for the Vermentino variety (97%). There was no FNR for
Marselan and red varieties.
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Table 6.10 Results of using SPA-KNN in classifying different groups of reflectance data acquired in the August
acquisition campaign for FD detection (Severity of infestation = 1).

Grapevine Variety = Accuracy (%)  FNR (%) FPR (%) AUC Nb of selected
features
Marselan 87,09 0.00 22.73 0,88 29
Grenache 90,62 7.699 15.79 0,96 30
Vermentino 96,87 8.33 20.00 0,93 30
Chardonnay 90,62 15.38 21.05 0,90 30
Red 88,89 0.00 28.26 0,93 61
White 89,06 10.00 11.76 0,91 62
All 85,04 38.47 19.29 0,81 125

Table 6.11 presents the result of calculating the optimal reflectance features from September
measurements (highly infected leaves) using SPA-KNN. The results are generally satisfying
(>89.5%) and perfect ones were achieved for white varieties (100%).

Table 6.11 Results of using SPA-KNN in classifying different groups of reflectance data acquired in the September
acquisition campaign for FD detection (Severity of infestation = 2).

Grapevine Variety = Accuracy (%)  FNR (%) FPR (%) AUC Nb of selected
features
Marselan 96,87 2.32 9.43 0,99 94
Grenache 95,06 2.50 12.19 0,96 79
Vermentino 100.00 3.33 4.00 0,96 53
Chardonnay 100.00 4.00 5.26 0,96 42
Red 93,78 3.57 11.83 0,96 175
White 95,96 5.17 244 0,98 97
All 89,49 8.23 7.33 0,96 274

Table 6.12 presents the result of calculating the optimal reflectance features from August and
September measurements (slightly & highly infected leaves) using SPA-KNN. Results were
good in general but the best ones were also for white varieties (Chardonnay: 96%).

Table 6.12 Results of using SPA-KNN in classifying different groups of reflectance data acquired in the August and
September acquisition campaigns for FD detection (Severity of infestation = 1&2).
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Grapevine Variety = Accuracy (%)  FNR (%) FPR (%) AUC Nb of selected
features
Marselan 92,91 8.62 13.04 0,95 125
Grenache 91,93 2.13 18.18 0,96 122
Vermentino 94,25 6.98 13.64 0,95 85
Chardonnay 96,05 7.14 5.88 0,96 74
Red 91,23 6.79 18.24 0,95 249
White 90,79 8.04 10.53 0,97 161
All 87,43 7.53 11.53 0,94 412

From the last section, we conclude that the FD detection on red (Marselan, Grenache) and white-
berried (Vermentino, Grenache) grapvines in the PACA region using SPA-KNN was overall
satisfying. However, the feature selection method didn’t performed a lot better than complete spectral
data specially for the case when severity stages or when varieties were combined. The SPA-KNN
also didn’t perform a lot better than SVIs specially when varieties are mixed. The highest detection
accuracies for SPA-KNN were at the end of the season (severity stage 2).

The number of features selected is considered high (>29 features).

6.1.3.2 APPLICATION TO NOUVELLE-AQUITAINE 2017 DATA

Table 6.13 presents the result of calculating the optimal reflectance features from July
measurements (slightly infected leaves) and the result is satisfying (95.5%).

Table 6.13 Results of using SPA-KNN in classifying different groups of reflectance data acquired in the July
acquisition campaign for Esca detection (Severity of infestation = 1).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Nb of selected
features
Cabernet 95,45 4.00 12.19 0,95 64
Sauvignon

Table 6.14 presents the result of calculating the optimal reflectance features from September
measurements (highly infected leaves) and the result is satisfying (91%).

Table 6.14 Results of using SPA-KNN in classifying different groups of reflectance data acquired in the September
acquisition campaigns for Esca detection (Severity of infestation = 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Nb of selected
features
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Cabernet 91,11 2.94 19.64 0,97 88
Sauvignon

Table 6.15 presents the result of calculating the optimal reflectance features from July and
September measurements (slightly & highly infected leaves) and the result is satisfying (92%).
Table 6.15 Results of using SPA-KNN in classifying different groups of reflectance data acquired in the July and

September acquisition campaigns for Esca detection (Severity of infestation = 1&2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Nb of selected
features

Cabernet 92,31 9.37 17.39 0,95 154
Sauvignon

We conclude that the Esca detection on red (Cabernet-Sauvignon) grapvines in the Nouvelle-
Agquitaine region using SPA-KNN was overall satisfying. However, the features from SPA-KNN had
less accuracy than the complete spectra data except for the first severity of infestation. The SVIs
behaved better than the chosen features for all cases. The chosen features worked slightly better for
the beginning of the season than the end of the season. The Esca detection on Cabernet-Sauvignon
was in general better or similar to the FD detection accuracy on Marselan and Grenache but less for
an advanced severity stage.

The number of features selected was considered high (>64 features).

6.1.3.3 APPLICATION TO BURGUNDY 2017 DATA

Table 6.16 presents the result of calculating the optimal reflectance features from August
measurements (slightly infected leaves) and the result is satisfying (96%).

Table 6.16 Results of using SPA-KNN in classifying different groups of reflectance data acquired in the August
acquisition campaign for BN detection (Severity of infestation = 1).

Grapevine Variety =~ Accuracy (%)  FNR (%) FPR (%) AUC Nb of selected
features

Chardonnay 96,19 1.07 10.26 0,99 208

Table 6.17 presents the result of calculating the optimal reflectance features from September
measurements (highly infected leaves) and the result is satisfying (98%).

Table 6.17 Results of using SPA-KNN in classifying different groups of reflectance data acquired in the September
acquisition campaign for BN detection (Severity of infestation = 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Nb of selected
features

Chardonnay 98,33 0.88 4.76 0,99 238
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Table 6.18 presents the result of calculating the optimal reflectance features from August and
September measurements (slightly infected leaves) and the result is satisfying (96%).

Table 6.18 Results of using SPA-KNN in classifying different groups of reflectance data acquired in the August and
September acquisition campaigns for BN detection (Severity of infestation = 1&2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Nb of selected
features
Chardonnay 96,1 1.07 10.26 0,99 208

In conclusion, the BN detection on white (Chardonnay) grapvines in the Burgundy region using SPA-
KNN was good at all moments. The feature selection didn’t achieve better results than using complete
spectral data. However, compared to SVIs, the selected features achieved similar or slightly better
accuracies. The BN detection accuracy on Chardonnay was comparable to the FD detection accuracy
on Vermentino and Chardonnay leaves at all moments.

The number of features selected was considered high (>208 features).

6.1.4 PROPOSED THEORETICAL DEFINITION OF OPTIMAL REFLECTANCE FEATURES WITH GA-
KNN

6.1.4.1 APPLICATION TO PACA 2016 DATA

Table 6.19 presents the result of calculating the optimal reflectance features from August
measurements (slightly infected leaves). Results were satisfying in general (>85%) and perfect
for Grenache (100%). There was no FNR reported except for white and all mixed varieties. There
was also no FPR reported for Grenache.

Table 6.19 Results of using GA-KNN in classifying different groups of reflectance data acquired in the August
acquisition campaign for FD detection (Severity of infestation = 1).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Nb of selected

features
Marselan 93,55 0.00 11.11 0,96 4
Grenache 100.00 0.00 0.00 1.00 12
Vermentino 96,87 0.00 5.88 0,98 15
Chardonnay 96,87 0.00 5.88 0,99 4
Red 95,24 0.00 8.33 0,96 15
White 95,31 6.25 3.12 0,96 36
All 85,04 21.43 16.81 0,85 11
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Table 6.20 presents the result of calculating the optimal reflectance features from September
measurements (highly infected leaves). Perfect classifications were achieved for almost all cases.
Here there was no FPR and no FNR except for Marselan and all mixed varieties.

Table 6.20 Results of using GA-KNN in classifying different groups of reflectance data acquired in the September
acquisition campaign for FD detection (Severity of infestation = 2).

Grapevine Variety = Accuracy (%) @ FNR (%) = FPR (%) AUC Nb of selected

features
Marselan 98,96 0.00 2.04 1.00 9
Grenache 100.00 0.00 0.00 1.00 10
Vermentino 100.00 0.00 0.00 1.00 11
Chardonnay 100.00 0.00 0.00 1.00 8
Red 100.00 0.00 0.00 1.00 14
White 100.00 0.00 0.00 1.00 8
All 97,83 0.68 3.85 0,99 14

Table 6.21 presents the result of calculating the optimal reflectance features from August and
September measurements (slightly and highly infected leaves). Very good results again achieved
(>94.4%). Here there was no FNR reported except for Vermentino.

Table 6.21 Results of using GA-KNN in classifying different groups of reflectance data acquired in the August and
September acquisition campaigns for FD detection (Severity of infestation = 1&2).

Grapevine Variety =~ Accuracy (%)  FNR (%) FPR (%) AUC Nb of selected

features
Marselan 98,42 0.00 3.03 0,99 5
Grenache 96,77 0.00 5.97 0,99 31
Vermentino 96,55 2.17 4.88 0,99 35
Chardonnay 98,68 0.00 2.86 0,99 9
Red 97,61 0.00 451 0,99 24
White 97,55 0.00 5.13 0,99 24
All 94,44 0.00 10.27 0,98 15

From the last section, we conclude that the FD detection on red (Marselan, Grenache) and white-
berried (Vermentino, Grenache) grapvines in the PACA region using GA-KNN was overall
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satisfying. The feature selection method outperformed complete spectral data in almost all cases. The
GA-KNN also outperformed common SVIs, except for one case where all varieties are combined
when FD had a severity stage of 1. Here, TCARI/OSAVI gave better accuracy. Furthermore, GA-
KNN outperformed SPA-KNN in absolutely all cases. The highest detection accuracies for GA-KNN
were at the end of the season (severity stage 2).

The number of features selected was smaller than SPA-KNN in general (maximum of 35 features).

6.1.4.2 APPLICATION TO NOUVELLE-AQUITAINE 2017 DATA

Table 6.22 presents the result of calculating the optimal reflectance features from July
measurements (slightly infected leaves). Very good precision is achieved (98.5%) with no FNR.

Table 6.22 Results of using GA-KNN in classifying different groups of reflectance data acquired in the July
acquisition campaign for Esca detection (Severity of infestation = 1).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Nb of selected
features
Cabernet 98,48 0.00 2.70 1.00 30
Sauvignon

Table 6.23 presents the result of calculating the optimal reflectance features from September
measurements (highly infected leaves). Similarly to the previous case, a very good precision is
achieved (98.5%) with no FNR.

Table 6.23 Results of using GA-KNN in classifying different groups of reflectance data acquired in the September
acquisition campaigns for Esca detection (Severity of infestation = 2).

Grapevine Variety = Accuracy (%) FNR (%0) FPR (%) AUC Nb of selected
features

Cabernet 98,48 0.00 2.70 0,99 28
Sauvignon

Table 6.24 presents the result of calculating the optimal reflectance features from July and
September measurements (slightly infected leaves) and the result is satisfying (97.5%). The FNR
reported was null.

Table 6.24 Results of using GA-KNN in classifying different groups of reflectance data acquired in the July and
september acquisition campaigns for Esca detection (Severity of infestation = 1&2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Nb of selected
features

Cabernet 97,43 0.00 4.70 0,99 35
Sauvignon

We conclude that the Esca detection on red (Cabernet-Sauvignon) grapvines in the Nouvelle-
Aquitaine region using GA-KNN was overall satisfying. The features from GA-KNN gave better
accuracy than the complete spectra data. They also behaved better than common SVIs for all cases.
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With respect to SPA-KNN, GA-KNN achieved better accuracies. The Esca detection on Cabernet-
Sauvignon was in general similar to the FD detection accuracy on Marselan and Grenache.

The number of features selected was also lower than SPA-KNN (maximum of 35 features).

6.1.4.3 APPLICATION TO BURGUNDY 2017 DATA

Table 6.25 presents the result of calculating the optimal reflectance features from August
measurements (highly infected leaves). A perfect classification is achieved (100%) with no FPR
and no FNR.

Table 6.25 Results of using GA-KNN in classifying different groups of reflectance data acquired in the August
acquisition campaign for BN detection (Severity of infestation = 1).

Grapevine Variety = Accuracy (%)  FNR (%) FPR (%) AUC Nb of selected
features

Chardonnay 100.00 0.00 0.00 1.00 7

Table 6.26 presents the result of calculating the optimal reflectance features from September
measurements (highly infected leaves). A very good classification is achieved (98%) with no
FNR.

Table 6.26 Results of using GA-KNN in classifying different groups of reflectance data acquired in the September
acquisition campaign for BN detection (Severity of infestation = 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC Nb of selected
features

Chardonnay 98,33 0.00 3.22 0,99 8

Table 6.27 presents the result of calculating the optimal reflectance features from August and
September measurements (slightly & highly infected leaves). The classification precision is
nearly perfect (99.5%) and the FNR was null.

Table 6.27 Results of using GA-KNN in classifying different groups of reflectance data acquired in the August and
September acquisition campaigns for BN detection (Severity of infestation = 1&2).

Grapevine Variety =~ Accuracy (%) FNR (%) FPR (%) AUC Nb of selected
features

Chardonnay 99,52 0.00 0.94 1.00 35

We can conclude from the previous section that the BN detection on white (Chardonnay) grapvines
in the Burgundy region using GA-KNN was overall satisfying. The features from GA-KNN gave
better accuracy than the complete spectra data. They also behaved better than common SVIs for all
cases. With respect to SPA-KNN, GA-KNN achieved better accuracies. The BN detection on
Chardonnay was in general similar to the FD detection accuracy on Vermentino and Chardonnay.

The number of features selected was also lower than SPA-KNN (maximum of 35 features).
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6.1.5 PROPOSED PRACTICAL DEFINITION OF OPTIMAL REFLECTANCE FEATURES FOR MS SENSOR
BY SDI BASED ON SPA-KNN

In the following tables, wavelengths in the visible range that form the SDIs are in bold italic, those in
the near infrared are in italic and those in the infrared are underligned.

6.1.5.1 APPLICATION TO PACA 2016 DATA

Table 6.28 presents the result of calculating the best SDI from August measurements (slightly
infected leaves). The classification accuracies were satisfying (>85%). Perfect classification
accuracy was achieved for Grenache and Vermentino measurements (100%). The majority of the
wavelengths chosen are in the visible range, less wavelenghts are chosen in the short-wave
infrared range and even less wavelengths are the near infrared range. In fact, at least two of the
four chosen wavelengths are in the visible range.

Table 6.28 Results of using the best SDI by SPA in classifying different groups of reflectance data acquired in the
August acquisition campaign for FD detection (Severity of infestation = 1).

Grapevine Variety =~ Accuracy FNR FPR AUC SDI by SPA-KNN
(%) (%) (%)
M A2 A3 M w
Marselan 93.55 0.00 11.76 0.97 402 2130 681 1827 -1
Grenache 100.00 0.00 0.00 1.00 495 1128 1716 2091 -1
Vermentino 100.00 0.00 0.00 1.00 402 @ 411 753 1623 -1
Chardonnay 96.87 0.00 5.88 0.94 423 402 1524 936 -1
Red 85.71 15.15 13.33 0.86 423 495 2004 1128 -05
White 96.87 5.88 0.00 0.96 402 474 1464 708 05
All 93.70 6.25 6.35 0.93 687 2118 447 1824 1

Table 6.29 presents the result of calculating the best SDI from September measurements (highly
infected leaves). The classification accuracies were satisfying (>85%). Perfect classification
accuracy was achieved for Marselan, Vermentino, Chardonnay and white-combined
measurements (100%). The majority of the wavelengths chosen is in the visible range, in the
second place come wavelengths in the near infrared region and in the third place come
wavelengths in the short-wave infrared region. Two or three of the wavlengths are in the visible
region but this wasn’t the case for combined measurements where no visible wavelength is
selected.

Table 6.29 Results of using the best SDI by SPA in classifying different groups of reflectance data acquired in the
September acquisition campaign for FD detection (Severity of infestation = 2).

AUC SDI by SPA-KNN
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Grapevine Accuracy FNR FPR M v A3 v w
Variety (%) (%) (%)
Marselan 100.00 0.00 0.00 1.00 402 471 558 762 -0.5
Grenache 95.06 7.89 2.32 0.95 459 489 1434 7 0.5
Vermentino 100.00 0.00 0.00 1.00 402 441 750 552 -1
Chardonnay 100.00 0.00 0.00 1.00 402 414 429 693 -1
Red 86.44 14.28 12.90 0.89 2031 | 1362 465 1005 -1
White 100.00 0.00 0.00 1.00 402 471 525 2286 -0.5
All 85.87 15.20 13.24 0.89 1623 2292 2055 1110 1

Table 6.30 presents the result of calculating the best SDI from August and September
measurements (slightly and highly infected leaves). The classification accuracies were satisfying
(>92%). The majority of the wavelengths chosen are in the visible range, less wavelenghts are
chosen in the short-wave infrared range and even less wavelengths are in the near infrared range.
Two or more wavelengths are in the visible range but this wasn’t the case for red combined
varieties and when all measurements are mixed.

Table 6.30 Results of using the best SDI by SPA in classifying different groups of reflectance data acquired in the August
and the September acquisition campaigns for FD detection (Severity of infestation = 1 & 2).

Grapevine Variety = Accuracy FNR FPR AUC SDI by SPA-KNN
(%) (%) (%)

M A2 A3 M W
Marselan 97.64 3.08 1.61 0.99 495 447 696 1131 05
Grenache 94.35 7.57 3.45 0.94 444 648 1344 2283 1
Vermentino 97.70 4.76 0.00 0.96 402 432 498 465 -1
Chardonnay 98.68 2.86 0.00 0.98 402 426 453 651 05
Red 93.23 7.69 5.78 0.92 2082 = 1698 1944 @ 1119 1
White 97.55 3.95 1.15 0.98 459 402 534 2292 05

All 92.99 8.65 5.34 0.94 1650 2145 1971 1026 -1

The FD detection on red (Marselan, Grenache) and white-berried (Vermentino, Grenache) grapvines
in the PACA region using SDIs from SPA-KNN was overall very satisfying. The SDIs performed
better than complete spectral data in general, but there are five cases where that wasn’t true (red
varieties for the first severity stage, all measurements for the second severity stage; Grenache, red
varieties and all measurements for the mixed severity stages). The SDIs from SPA-KNN performed
in general better than SVIs in all cases except for three cases where ARI and mCAI performed better
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than the chosen SDI (Grenache, red-varieties, all combined varieties in the second severity stage).
The SDI based on SPA-KNN was in general better than the generalized SPA-KNN but this wasn’t
the case for red and all combined varieties where FD was in its second severity stage. The results of
SDI based on SPA-KNN were contrasting with respect to the generalized GA-KNN. In fact, in seven
cases, the general GA-KNN outperformed the SDI based on SPA-KNN. The highest detection
accuracies for SDIs from SPA-KNN were at the end of the season (severity stage 2).

The wavelengths chosen are mainly in the visible range (at least two from four). In addition to visible
wavelengths, for the first severity stage and when the infestation levels are combined, mainly
wavelengths from the short-wave infrared region are selected, but for the second severity stage
wavelengths were essentially from the near infrared region.

6.1.5.2 APPLICATION TO NOUVELLE-AQUITAINE 2017 DATA

Table 6.31 presents the result of calculating the best SDI from July measurements (slightly
infected leaves). The classification accuracy was satisfying (94% classification accuracy).
Selected wavelengths are from the visible range mainly in addition to one other in the short-wave
infrared region.

Table 6.31 Results of using the best SDI by SPA in classifying different groups of reflectance data acquired in the
July acquisition campaign for Esca detection (Severity of infestation = 1).

Grapevine Variety Accuracy FNR FPR AUC SDI by SPA-KNN
(%) (%) (%)
M A2 A3 M w

Cabernet-Sauvignon 93.94 7.89 3.57 0.92 447 498 612 1638 -0.5

Table 6.32 presents the result of calculating the best SDI from September measurements (highly
infected leaves). The classification accuracy was good (82%). Selected wavelengths are from the
visible range mainly in addition to one other in the near infrared region.

Table 6.32 Results of using the best SDI by SPA in classifying different groups of reflectance data acquired in the
September acquisition campaign for Esca detection (Severity of infestation = 2).

Grapevine Variety Accuracy FNR FPR AUC SDI by SPA-KNN
(%) (%) (%)
M A2 A3 MW

Cabernet-Sauvignon 82.22 20.41 14.63 0.85 582 432 1419 498 -1

Table 6.33 presents the result of calculating the best traditional SDI from July and September
measurements (slightly and highly infected leaves). The classification accuracy was good (91%).
Selected wavelengths are from the visible range mainly in addition to one other in the short-wave
infrared region.

Table 6.33 Results of using the best SDI by SPA in classifying different groups of reflectance data acquired in the July
and the September acquisition campaigns for Esca detection (Severity of infestation = 1 & 2).

Grapevine Variety AUC SDI by SPA-KNN
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Accuracy FNR FPR M o A3 v w
(%) (%) (%)
Cabernet-Sauvignon 91.02 7.59 10.39 0.94 672 456 402 @ 2286 -0.5

The Esca detection on red (Cabernet-Sauvignon) grapvines in the Nouvelle-Aquitaine region using
SDIs from SPA-KNN was overall very satisfying (accuracy>82%). The SDIs from SPA-KNN had
less accuracy than the complete spectra data except for the first severity of infestation. The SVIs (ARI
and PRI) behaved better than the chosen SDIs at the beginning and when infestation stages are
combined. The SDI based on SPA-KNN was in general less accurate than the generalized SPA-KNN.
The accuracies of SDI based on SPA-KNN were also less than the generalized GA-KNN. The best
SDIs worked better for the beginning of the season than the end of the season. The Esca detection on
Cabernet-Sauvignon was in general less accurate than the FD detection accuracy on Marselan and
Grenache.

The wavelengths chosen are mainly in the visible range (at least three from four). When leaves are
slightly infested or when slightly and highly infested leaves are mixed, the fourth chosen wavelength
is from the short-wave infrared region. For the case of highly infected samples, the fourth wavelength
chosen is from the near infrared region.

6.1.5.3 APPLICATION TO BURGUNDY 2017 DATA

Table 6.34 presents the result of calculating the best SDI from August measurements (slightly
infected leaves). The classification was satisfying and perfect classification accuracy was
achieved (99.5%). Chosen wavelengths are from the visible range mainly in addition to one other
in the short-wave infrared region.

Table 6.34 Results of using the best SDI by SPA in classifying different groups of reflectance data acquired in the
August acquisition campaign for BN detection (Severity of infestation = 1).

Grapevine Variety = Accuracy FNR FPR AUC SDI by SPA-KNN
(%) (%) (%)
M A2 A3 M w

Chardonnay 99.52 0.00 0.94 0.99 402 477 693 2100 -1

Table 6.35 presents the result of calculating the best SDI from September measurements (highly
infected leaves). The classification accuracy was satisfying and a perfect accuracy was achieved
(100%). Selected wavelengths are from the visible range mainly in addition to one in the near
infrared region and one short-wave infrared region.

Table 6.35 Results of using the best SDI by SPA in classifying different groups of reflectance data acquired in the
September acquisition campaign for BN detection (Severity of infestation = 2).

Grapevine Variety = Accuracy FNR FPR AUC SDI by SPA-KNN
(%) (%) (%)
M A2 A3 M w
Chardonnay 100.00 0.00 0.00 1.00 489 702 1302 1788 @ 05
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Table 6.36 presents the result of calculating the best SDI from August and September
measurements (slightly and highly infected leaves). The classification accuracy was satisfying
and a perfect accuracy was achieved (100%). Chosen wavelengths are from the visible range
mainly in addition to one other in the short-wave infrared region.

Table 6.36 Results of using the best SDI by SPA in classifying different groups of reflectance data acquired in the August
and the September acquisition campaigns for BN detection (Severity of infestation = 1 & 2).

Grapevine Variety = Accuracy FNR FPR AUC SDI by SPA-KNN
(%) (%) (%)
M A2 A3 M w

Chardonnay 100.00 0.00 0.00 1.00 693 477 2106 402 0.5

The BN detection on white (Chardonnay) grapvines in the Burgundy region using SDIs from SPA-
KNN was perfect at all moments. The SDIs performed in general better for white-varieties than red
ones. The SDIs performed in general better than complete spectra and better than SVIs in all cases.
The SDI based on SPA-KNN was more accurate than the generalized SPA-KNN. The accuracies of
SDI based on SPA-KNN were also better than the generalized GA-KNN except for the first level of
severity. The BN detection accuracy on Chardonnay was similar or higher than the FD detection
accuracy on Vermentino and Chardonnay leaves at all moments.

The wavelengths picked are mainly in the visible range (at least two from four). When leaves slightly
infested are considered, a wavelength in the short-wave infrared region is also selected. This is the
same for the case where highly and slightly leaves are mixed. However, when leaves highly infested
are tested, one wavelength is picked in the near infrared region and another one is chosen in the short-
wave infrared region.

6.1.6 PROPOSED PRACTICAL DEFINITION OF OPTIMAL REFLECTANCE FEATURES FOR MS SENSOR
BY SDI BASED ON GA-KNN

In the following, wavelengths in the visible range that form the SDIs are in bold italic, those in the
near infrared are in italic and those in the infrared are underligned.

6.1.6.1 APPLICATION TO PACA 2016 DATA

Table 6.37 presents the result of calculating the best SDI from August measurements (slightly
infected leaves). The classification accuracies were satisfying (>90%). Perfect classification
accuracy was achieved for Vermentino and for combined white-berried measurements (100%).
The majority of the wavelengths chosen is in the short-wave infrared region, in the second place
come the wavelengths in the visible region and in the third place come wavelengths in the near
infra-red.

Table 6.37 Results of using the best SDI by GA in classifying different groups of reflectance data acquired in the
August acquisition campaign for FD detection (Severity of infestation = 1).

Grapevine Variety AUC SDI by GA-KNN
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Marselan
Grenache
Vermentino
Chardonnay
Red
White

All

Accuracy
(%)

96.77
90.62
100.00
96.87
98.41
100.00

97.64

FNR
(%)

5.88
11.76
0.00
0.00
3.03
0.00

4.48

FPR
(%)

0.00
6.66
0.00
5.88
0.00
0.00

0.00

1.00

1.00

1.00

0.95

1.00

1.00

0.97

M A2 A3 v
402 717 915 720
576 795 1053 765
477 498 846 = 1497
585 1863 1611 2274
402 | 1032 2097 723
1842 2121 2253 1233
717 2139 1512 2136

Table 6.38 presents the result of calculating the best SDI from September measurements (highly
infected leaves). The classification accuracies were very satisfying (>98%). Perfect classification
accuracy was achieved for almost all cases (100%). The majority of the chosen wavelengths are
in the visible range; no wavelengths were picked in the near infrared region and only for

Chardonnay four wavelengths in the short-wave infrared region are selected.

Table 6.38 Results of using the best SDI by GA in classifying different groups of reflectance data acquired in the
September acquisition campaign for FD detection (Severity of infestation = 2).

Grapevine
Variety
Marselan
Grenache
Vermentino
Chardonnay
Red
White

All

Accuracy

(%)
100.00
100.00
100.00
97.73
100.00
100.00

98.55

FNR
(%)
0.00
0.00
0.00
5.26
0.00
0.00

2.34

FPR
(%)
0.00
0.00
0.00
0.00
0.00
0.00

0.67

AUC

1.00

1.00

1.00

1.00

1.00

1.00

1.00

SDI by GA-KNN
M A2 A3 ha
540 615 711 714
540 543 546 711
474 549 570 621
1167 1455 1134 1563
537 642 552 693
444 522 591 714
552 699 627 711

1

1

Table 6.39 presents the result of calculating the best SDI from August and September
measurements (slightly infected leaves). The classification accuracies were very good (>96%).
The majority of the chosen wavelengths are in the visible range, one wavelength was picked in
the near infrared region and only for white mixed samples; the rest of the picked wavelengths
were in the short-wave infrared region.
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Table 6.39 Results of using the best SDI by GA in classifying different groups of reflectance data acquired in the August
and the September acquisition campaigns for FD detection (Severity of infestation = 1 & 2).

Grapevine Accuracy FNR FPR AUC SDI by GA-KNN
Variety (%) (%) (%)
M Y A3 Vi W
Marselan 98.42 3.03 0.00. 1.00 411 627 705 546 -1
Grenache 99.19 1.56 0.00 1.00 426 519 726 @ 2127 -05
Vermentino 98.85 24.39 0.00 1.00 708 1917 402 2175 -1
Chardonnay 98.68 2.86 0.00 1.00 462 537 723 1395 1
Red 97.61 451 0.00 1.00 435 549 705 1494 -0.5
White 98.16 2.67 1.14 1.00 726 717 @ 1602 861 -1
All 96.13 6.57 0.99 1.00 513 678 2145 708 -1

Briefly, the FD detection on red (Marselan, Grenache) and white-berried (Vermentino, Grenache)
grapvines in the PACA region using SDIs from GA-KNN was overall very satisfying
(accuracy>90%). The SDIs performed in general better than complete spectra for all cases and better
than SVIs in all cases except for Grenache leaves at severity stage 1 where ARI performed better than
the chosen SDI. SDIs from GA-KNN gave superior accuracies than SDIs from SPA-KNN except for
Grenache leaves in the first severity stage and Chardonnay in the second severity stage. SDIs from
GA-KNN also gave in general better results than the generalized SPA-KNN except for the
Chardonnay case when the severity stage of FD is 2. SDIs from GA-KNN outperformed the
generalized GA-KNN except for two cases (Grenache in severity stage 1 and Chardonnay in severity
stage 2). The highest detection accuracies for SDIs from GA-KNN were at the end of the season
(severity stage 2).

The wavelengths chosen were by majority in the visible region, fewer were picked in the short-wave
infrared region and less were chosen in the near infrared region.

The wavelengths chosen were mainly in the visible range (at least two from four) especially for the
second severity stage (four from four for majority of the cases). In addition to visible wavelengths,
for the first severity stage and when the infestation levels are combined, mainly wavelengths from the
short-wave infrared and fewer from the near infrared regions were selected.

6.1.6.2 APPLICATION TO NOUVELLE-AQUITAINE 2017 DATA

Table 6.40 presents the result of calculating the best SDI from August measurements (slightly
infected leaves). A perfect accuracy was achieved (100%). Chosen wavelengths are from the
visible range mainly in addition to one in the near infrared region and another in the short-wave
infrared region.
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Table 6.40 Results of using the best SDI by GA in classifying different groups of reflectance data acquired in the
July acquisition campaign for Esca detection (Severity of infestation = 1).

Grapevine Variety Accuracy FNR FPR AUC SDI by GA-KNN
(%) (%) (%)
M A2 A3 M W
Cabernet-Sauvignon 100.00 0.00 0.00 1.00 537 618 855 1236 05

Table 6.41 presents the result of calculating the best SDI from September measurements (slightly
infected leaves). The classification was perfect (100%). Picked wavelengths are from the visible
range mainly in addition to one in the near infrared region and another in the short-wave infrared
region.

Table 6.41 Results of using the best SDI by GA in classifying different groups of reflectance data acquired in the
September acquisition campaign for Esca detection (Severity of infestation = 2).

Grapevine Variety Accuracy FNR FPR AUC SDI by GA-KNN
(%) (%) (%)
M A2 A3 MW

Cabernet-Sauvignon 100.00 0.00 0.00 1.00 588 159 705 924 1

Table 6.42 presents the result of calculating the best traditional SDI from August and September
measurements (slightly and highly infected leaves). The classification accuracy was satisfying
(90%). Here, only one wavelength was in the visible range and the other three picked
wavelengths were in the short wave infra-red region.

Table 6.42 Results of using the best SDI by GA in classifying different groups of reflectance data acquired in the July and
the September acquisition campaigns for Esca detection (Severity of infestation = 1 & 2).

Grapevine Variety Accuracy FNR FPR AUC SDI by GA-KNN
(%) (%) (%)
M A2 A3 v w
Cabernet-Sauvignon 90.38 8.75 10.53 1.00 186 711 2052 1674 1

In summary, the Esca detection on red (Cabernet-Sauvignon) grapevines in the Nouvelle-Aquitaine
region using SDIs from GA-KNN was overall very satisfying (accuracy>90%) and perfect at the
begining and the end of the season. The SDIs were less accurate than using complete spectral data in
only one case, when severity stages were mixed. The SDIs performed better than SVIs in all cases
except for the case where severity stages are combined, here, PRI performed better than the chosen
SDI. SDIs from GA-KNN gave in general better results than the generalized SPA-KNN and the
generalized GA-KNN also except for the combined severity stages. The SDIs from GA-KNN resulted
in better classifications than SDIs from SPA-KNN, this wasn’t true for only the case where severity
stage are mixed.

The Esca detection accuracy on Cabernet-Sauvignon was higher for the first severity stage than the
FD detection accuracy on Marselan and Grenache leaves but similar for the second severity stage and
lower when stages are combined.
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In general, mainly wavelengths from the visible range are chosen (two from four). For slightly and
highly infested leaves, two of the wavelengths were from the visible range another is from the near
infrared range and the last is from the short-wave infrared region. For the combined severity stage, in
addition to the two visible wavelengths, another two in the short-wave infrared region are picked.

6.1.6.3 APPLICATION TO BURGUNDY 2017 DATA

Table 6.43 presents the result of calculating the best SDI from August measurements (slightly
infected leaves). The classification was satisfying and a perfect accuracy was achieved (100%).
Chosen wavelengths are from the visible range mainly in addition to one in the near infrared
region and another in the short-wave infrared region.

Table 6.43 Results of using the best SDI by GA in classifying different groups of reflectance data acquired in the
August acquisition campaign for BN detection (Severity of infestation = 1).

Grapevine Variety Accuracy FNR FPR AUC SDI by GA-KNN
(%) (%) (%)
M A2 A3 M w

Chardonnay 100.00 0.00 0.00 1.00 585 594 1617 726 0.5

Table 6.44 presents the result of calculating the best SDI from September measurements (highly
infected leaves). The classification was satisfying and a perfect accuracy was achieved (100%).
To wavelengths were picked from the visible range and another two were chosen in the short-
wave infrared region.

Table 6.44 Results of using the best SDI by GA in classifying different groups of reflectance data acquired in the
September acquisition campaign for BN detection (Severity of infestation = 2).

Grapevine Variety = Accuracy FNR FPR AUC SDI by GA-KNN
(%) (%) (%)
M A2 A3 v w
Chardonnay 100.00 0.00 0.00 1.00 564 780 1200 1755 -0.5

Table 6.45 presents the result of calculating the best SVI from August and September
measurements (slightly and highly infected leaves). The classification was satisfying and a
perfect accuracy was achieved (100%). Selected wavelengths are from the visible range mainly
in addition to one in the short-wave infrared region.

Table 6.45 Results of using the best SDI by GA in classifying different groups of reflectance data acquired in the August
and the September acquisition campaigns for BN detection (Severity of infestation = 1 & 2).

Grapevine Variety = Accuracy FNR FPR AUC SDI by GA-KNN
(%) (%) (%)
M A2 A3 MW

Chardonnay 100.00 0.00 0.00 1.00 654 708 2094 615 -1
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The BN detection on white (Chardonnay) grapvines in the Burgundy region using SDIs from GA-
KNN was perfect at all moments. The SDIs performed in general better than complete spectra and
better than SVIs in all cases. SDIs from GA-KNN gave in general better results than the generalized
SPA-KNN and the generalized GA-KNN in all cases. The SDIs calculated from GA-KNN had similar
perfect behavior than those resulting from SPA-KNN. The BN detection accuracy on Chardonnay
was higher than the FD detection accuracy on Chardonnay leaves for all cases but similar to
Vermentino for the first and second stage of infestation.

In general, mainly wavelengths from the visible range are chosen (at least two from four). For slightly
infested leaves, three of the wavelengths were from the visible range and the last is from the short-
wave infrared region. The same can be concluded for the combined severity stage. For the second
infestation level, in addition to the two visible wavelengths, another two in the short-wave infrared
region are picked.

6.1.7 DISCUSSION

Reflectance data were acquired using a spectro-radiometer from three different regions. Three
diseases are considered on different grapevine varieties. The spectral reflectance characteristics
change when the cellular leaf structure is altered due to the presence of a pathogen [172] and this is
in accordance with our results. In fact, some differences in leaf reflectance between FD, Esca and BN
infected leaves on one side and healthy leaves on another side were distinguished. This was also
compatible with the results found by [46], where grapevine leaf-roll infection caused metabolic and
pigment changes and the leaf spectral properties were not the same in healthy and infected leaves.

The grapevine varieties responded to the same virus in different manners. This is most likely due to
other specific nuances in addition to the variety itself. We mentioned previously that many parameters
can affect the reflectance data (ANNEX A). Some authors highlighted that factors such as leaf
illumination and surface texture [173] that differ among vineyard sites due to plant height and health,
vegetative growth stages, trellis system, soil properties (type, moisture and available nutrients) may
result in spectral variations that affect sensor data and detection sensitivity. Moreover, the
development of symptoms may be affected by scion-rootstock combinations and environmental
factors and can therefore vary between vineyards and growing seasons [174]. Our reflectance
signatures have the potential to detect diseases. However, they were unable to distinguish among
different infections and had also poor potential in grading them.

Remote sensing-based methods enable the calculation of various SVIs that relate to biophysical and
biochemical crop variables. The SVIs are considered as somewhat traditional since they were
extensively applied in the agricultural field. Thirteen SVIs from the scientific literature were
computed and were shown to be more advantageous than using the complete spectra. The
classification accuracy for late season measurements, in general, was found to be better than that of
early season for all kinds of measurements. This seems logical, since symptoms at the end of the
season become well established, so diseased spectral reflectance are more influenced by the disease
and can be more easily discriminated from healthy ones. The top best SVIs were ARI, ZTM, GM1,
mCAIl and TCARI/OSAVI.

ARI was found interesting in particular for red-varieties. The ARI index is documented as a relevant
feature in many studies. Scientists in [175] concluded that ARI had a persistent response to yellow
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rust disease at 4 out of 5 growth stages and mentioned that the ARI index was selected for diagnosis
of yellow rust in other studies like the one conducted in [176]. Among the indices investigated in the
research [177], only the ARI index could differentiate healthy from rust infected leaves. However, it
was not capable of distinguishing stem rust from leaf rust pustules. ARI tracks changes in
photosynthetic efficiency and was shown to be significant in the study of Devadas et al. (2009). ARI
was identified and considered in [178] as an ideal candidate to diagnose yellow rust disease in winter
wheat owing to its sustained sensitivity to the disease presence. The index was also found to be
efficient in further studies such as in [176].

ZTM and GM1 were found particularly adapted for white-berried grapevine varieties. Chlorophyll
content is a potential indicator of vegetation stress because of its direct role in the photosynthesis
process of light harvesting, initiation of electron transport [93]. This was confirmed in our study as
the ZTM was chosen as the best SVI for FD detection on Vermentino and Chardonnay data. Loss of
chlorophyll in response to infestation by sap feeding insects like aphids [179] and leafhoppers [180]
has been reported earlier. Vegetation stress can be assessed by measuring the chlorophyll because it
is directly related to the photosynthesis process of light harvesting, initiation of electron transport and
it is responsive to a range of stresses [181]. A reduction in chlorophyll levels as a reaction to an
infestation induced by sap feeding insects like aphids ( [179], [182], [183] ), phylloxera [184] and
leafhoppers [180] have been reported. GM1 was selected also for white-grape data in this study, in
fact, differences in reflectance between healthy and stressed vegetation due to changes in Chlorophyll
a+b levels have been detected previously in the green peak and along the red-edge spectral region of
690-750 nm [185].

For the case where red and white varieties are tested together, mCAIl and TCARI/OSAVI proved to
be robust enough for disease detection. In addition, TCARI/OSAVI was found to be a good SVI in
our study especially for BN detection on Chardonnay leaves. The ratio of the TCARI and the OSAVI
indices formed a good Chlorophyll estimator; this was done independently of Leaf Area Index (LAI)
and illumination state. The ratio demonstrated good results not only in continuous closed crop
canopies [96] but also in open tree canopy orchards [186]. In [177], it was found that the TCARI
index, was the only index capable of discriminating stem and leaf rust, among all others. The CAI
index indicates exposed surfaces containing dried plant material [187]. Absorptions in the 2000 nm
to 2200 nm range are sensitive to cellulose. It was stated in [188] that the CAI index is useful to
monitor vegetation coverage for biomass estimation. mCAIl was found interesting in our study for
detecting FD when all measurements are combined and for detecting BN on Chardonnay leaves late
in the season.

NDVI and PRI were less important as SVIs for our application. Authors in [189] confirmed that NDV1
was correlated to the presence of Russian wheat aphid in four out of six tested fields. In addition to
that, study [10] identified the NDVI as the most discriminating feature since it was capable of
discriminating between three kinds of wheat stressors (yellow rust, powdery mildew, wheat aphid).
In our study, the popular NDVI performed well in only few cases: for FD detection on Vermentino
and Chardonnay leaves early or late in the season. This observation was also reported in [177], where
NDVI was not capable of discriminating rust infection in wheat leaves. The PRI was used to assess
the infestation of the grapevine leaf roll-associated virus [46], and pest damage [190]. PRI was also
proven to be sensitive to different infestation scales of rice leaves damaged by the rice leaf holder
pest [8], but in the present study it was only an indicator of Esca for the Cabernet-Sauvignon leaves
when measurements from different moments of the season are combined.
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Other SVIs such as GM2, SIPI, WI and PSSR were not relevant for contamination detection in our
specific study. Eventually, we can say that the ARI vegetation index was found interesting for
detecting diseases on red varieties, GM1 for white varieties and mCAI for combined red and white
varieties. A further detailed calculation can be found in ANNEX D for the three interesting SVIs.

The conclusion about the most convenient SVIs cannot however be generalized since only three
diseases are studied in our work and only two colors of grapevines were considered. More tests need
to be done in order to verify our claim about SVIs. Since SVIs were general indices, we put in place
two feature selection techniques to improve and simplify disease detection in grapevines based on
hyperspectral data. GA-KNN based selection takes much longer than SPA-KNN based selection. In
fact, GA took 200 times longer than SPA and this ratio tends to rise dramatically when the number of
wavelengths increases. The Successive Projection Algorithm (SPA) acts as a faster technique that
could select interesting spectral bands for damage detection with a low computational load. General
optimal features from GA-KNN and SPA-KNN performed better than the complete reflectance data.
GA-KNN features were better than the best SVI but this wasn’t the case for SPA-KNN. The number
of bands selected here can’t be defined in advance.

For a particular application that considers only four bands, SDIs are created after the choice of some
features from the GA-KNN or SPA-KNN pool of features. The SDIs were normalized in order to
reduce the impact of change in lighting, land, crop variety or sensor specific effects. This helped
producing more robust indices. SDIs from GA-KNN and SPA-KNN were both more advantageous
than using complete reflectance data and than the best SVI. SDIs from GA-KNN were better than
those from SPA-KNN.

The proposed indices proved high accuracy in general with the advantage of reducing data
dimensionality by speeding up the disease detection. Both types of SDIs are good but if the
computation time isn’t a problem, we advise using the GA-KNN based approach. The results obtained
in this study, confirmed the effectiveness of the genetic algorithms in the feature selection procedure.
In fact, GA was able to reach a global optimum despite local peaks that might be caused by noise or
interdependencies in the data set. This conclusion was also confirmed in other studies in different
fields. In [191], GA selected the best subset of features for breast cancer diagnosis system.
Furthermore, in [192], GA feature selection algorithm was applied for hand writing recognition. The
complexity of the feature set was reduced using fewer features and achieved recognition rates similar
to those reached when no feature selection is applied.

The SVM classifier behaved very well. This was in accordance with the conclusions made in [108],
who found that by comparing different classifiers, SVM use the inherent information of the vegetation
indices in an optimal way.

For the rest, we basically consider the SDIs based on GA-KNN since they exhibited the best results.

When we investigate the wavelengths chosen for the red varieties at least one or two that are very
close to the wavelengths considered in the ARI index (550 nm and 700 nm). A clear example would
be the SDI selected for red combined varieties when the infestation level is mixed; here two of the
selected wavelengths were 549 nm and 705 nm. When we look at the wavelengths chosen for the
white varieties, for the majority of the cases at least one or two that are very close to the wavelengths
considered in the GM1 index (550 nm and 750 nm). A clear example would be the SDI selected for
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Chardonnay samples in PACA region when the infestation level is mixed; here two of the selected
wavelengths were 537 nm and 723 nm. When considering the wavelengths chosen for the white
varieties, for the majority of the cases at least one or two that are very close to the wavelengths
considered in the mCAl index (545 nm and 752 nm). A clear example would be the SDI selected for
combined samples in PACA region for the second infestation level, here two of the selected
wavelengths were 552 nm and 711 nm.

In general, when the spectral band is lower than 1000 nm, we can find affordable filters to cover it,
this is however not the case for wavelengths that are higher than 1000 nm. The reason for this price
difference is that inexpensive and ubiquitous silicon photodetectors are sensitive to short wave near
infrared light, and provide the opportunity to bring consumers invisible information upto 1000 nm.
We asked Midopt for more information about the subject and they confirmed that they can make
customized filters upon request but a large quantity (thousands should be ordered). Maybe the future
will uncover affordable filters that could surpass 1000 nm. Working on the full electromagnetic
spectrum seems indeed promising but for a practical cheap solution, we advise to restrain the solution
to the [450 nm - 1000 nm] range which is the actual range that could be scanned by affordable narrow-
band filters. One solution is to to remove the reflectances on wavelengths that are less than 450 nm
or higher than 1000 nm after selecting the bands from GA-KNN and SPA-KNN and design the SDI
based on this limited range. Another solution would be to restrain the spectral range to [450 nm -
1000 nm] instead of [400-2400 nm] since the beginning of the reflectance analysis.

For our August data, the majority of the selected bands were found in the near infrared region;
however, for September data, visible bands were mostly selected since symptoms became more
visually pronounced. In this case, bands from blue (450-520 nm), green (530-570 nm), red (580-700
nm) were selected. This was in accordance with [46], in fact, the two maximum differences in the
visible region appeared at the green peak (550 nm) and in the red peak (680 nm) indicating less
chlorophyll absorption in the infected leaves. Furthermore, changes in Cab levels were translated as
modifications occurring over the spectral red edge region; this explains why many optimal bands
were selected in the specific range of 690—750 nm. Reflectance near 700 nm was pointed out in [105]
as an essential feature of green vegetation produced by an equilibrium between biochemical and
biophysical plant characteristics. Since plant diseases influence the chlorophyll content of crop plants,
increased reflectance around 700 nm can be a first but unspecific indicator to detect diseased crops.
Many chosen bands were also mixed with the water absorption bands; the research conducted in
[193], demonstrated that the sensitivity to water content was greatest in spectral bands centered at
1450, 1940 where water has its major absorption features.

It can be concluded, that the SDIs were dependent on the disease and the grapevine variety considered;
the best variables selected were different from one case to another depending on the samples used in
the learning task. Our results suggest that changes in reflectance differ by cultivar and therefore the
technique can be optimized for each variety in order to obtain ideal results. Since more than one
variety can be grown in the same vineyard area, different measurements were combined to simulate
the case where grapevine varieties of the same group were grown together and the approach was
tested (Marselan and Grenache measurements were combined in the “Red” group / Vermentino and
Chardonnay measurements were combined in the “White” group). In the case where different
grapevine varieties were grown together (Marselan, Grenache, Vermentino and Chardonnay were
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combined in the “All” group), we combined all the measurements. More than 90% accuracy was still
achieved using our new SDIs.

6.2 TEXTURE DATA ANALYSIS

The texture features tested are traditional ones: Hist, Grad, LoG, Wav, GLCM, GLRM features and
Fractal dimension. Each texture technique is considered solely and their concatenation is also tested.
When each technique is considered alone, only the one having the best accuracy was displayed.

A feature selection technique is added for each technique alone and when all techniques are combined.
Actually, it is better to incorporate a feature selection step in the analysis. In fact, the results before
and after feature selection are very similar but with ReliefF, we are sure that there is no dimensionality
problem, so we will mainly emphasize results obtained after ReliefF application.

Only the results obtained from the Lab color space are reported next since it performed better than
the HSV color space, which in turn performed a bit better that the RGB color space in all possible
configurations.

In the PACA region, the texture data were acquired in 2017 and the disease studied was FD. In the
Nouvelle-Aquitaine region, the texture data were measured in 2017 and the infection tested was Esca.
In the Burgundy region, the texture data used were recorded in 2017 and the infestation considered
was BN.

The classifier used for texture data analysis is SVM with cross-validation. For texture analysis, we
test the potential of different methods in disease detection, which means that a binary configuration
is used (healthy vs diseased), only healthy and infested groups exist. Each group contained reflectance
acquired at the beginning and the end of the season; this means that there was no distinction between
the infestation level. Here, one disease is tested at a time but a combination of varieties is investigated.

In addition to this, we assess the potential of texture analysis in identifying the infection (multi-class
configuration: disease 1 vs disease 2 vs healthy). Here, many diseases are tested together from the
same colored variety.

Furthermore, texture was investigated for grading the severity stage of a disease (multi-class
configuration: disease 1 stage 1 vs disease 1 stage 2 vs healthy). Here, one disease is tested at a time
but a combination of varieties is investigated.

The accuracy and the AUC are displayed for each case.

6.2.1 DATA CONFIGURATION (DISEASE DETECTION, BINARY CLASSIFICATION)

The same binary data configuration used for reflectance analysis was also adopted for texture analysis
for the three regions.

6.2.2 DATA CONFIGURATION (DISEASE SEVERITY STAGE IDENTIFICATION, MULTI-CLASS
CLASSIFICATION)

6.2.2.1 PACA REGION

The data considered for the texture analysis in the PACA region correspond to those acquired in 2017.
The disease tested here was FD. Two dimensions can be used in the analysis of these data. The first
dimension is the severity of infestation which implies the number of classes used. Here, a multi-class
is chosen (shown in Figure 6.4); in fact, it is possible to study the healthy group versus the slightly
infested group versus the highly infested group as different classes.
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The second dimension is the type of measurements. In the testing campaigns, four varieties were
taken into consideration: Marselan, Grenache, Vermentino and Chardonnay. They each could have
been studied separately or combined which means that the analysis could be conducted based on the
grapevine color; so, two groups were considered: Red (measurements from Marselan + measurements

from Grenache) vs White (measurements from Vermentino + measurements from Chardonnay). In
the last case, all the grapevine measurements were combined together (measurements from Marselan
+ measurements from Grenache + measurements from Vermentino + measurements from
Chardonnay).

Multi-class classification | Marselan Grenache Vermentino Chardonnay

Severity of infestation O
(Healthy)

Severity of FD infestation
1 (Slightly infested)

Severity of FD infestation
2 (Highly infested)

——— Marselan - - -~ Grenache — . — Vermentino — -+ — Chardonnay

............. White Red — All

Figure 6.4 PACA data configuration relative to a multi-class classification.

6.2.2.2 NOUVELLE-ACQUITAINE REGION

The data considered for the tetxure analysis in the Nouvelle-Acquitaine region correspond to those
acquired in 2017. The disease tested here was Esca. One dimension can be used in the analysis of
these data; it is the severity of infestation which implies the number of classes used. Here, we used a
dimension of three, which implies a multi-class classification (shown in Figure 6.5); in fact, we
studied the healthy group versus the slightly infested measurements from the July acquisition
campaign versus the highly infested measurements from the September acquisition campaign).
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Binary classification Cabernet-Sauvignon
( )

Severity of infestation 0
(Healthy)

Severity of Esca infestation 1
(Slightly infested)

Severity of Esca infestation 2
(Highly infested)

\ J/

Figure 6.5 Nouvelle-Aquitaine data configuration relative to a multi-class classification.

6.2.2.3 BURGUNDY REGION

The data considered for the reflectance analysis in the Burgundy region correspond to those acquired
in 2017. The disease tested here was BN. One dimension can be used in the analysis of these data; it
is the severity of infestation which implies the number of classes used. Here, we used a dimension of
three, which implies a multiclass classification (shown in Figure 6.6); in fact, we studied the healthy
group versus the slightly infested measurements from the August acquisition campaign versus the
highly infested measurements from the September acquisition campaign.

Binary classification Chardonnay
4 )

Severity of infestation 0
(Healthy)

Severity of BN infestation 1
(Slightly infested)

Severity of BN infestation 2
(Highly
infested)

Figure 6.6 Burgundy data configuration relative to a multi-class classification.
6.2.3 DATA CONFIGURATION (DISEASE IDENTIFICATION, MULTI-CLASS CLASSIFICATION)

6.2.3.1 PACA REGION VS NOUVELLE-AQUITAINE REGION

The data considered for the texture analysis correspond to those acquired from PACA and Nouvelle-
Aquitaine regions in 2017. The grapevines considered are Marselan and Cabernet-Sauvignon. The
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diseases tested here were FD and Esca. One dimension can be used in the analysis of these data; it is
the nature of the infestation which implies the number of classes used. Here, we used a dimension of
three, which implies a multiclass classification (shown in Figure 6.7); in fact, we studied the healthy
group versus the FD infested measurements (from the August acquisition and from the September
acquisition campaign) versus the Esca infested measurements (from the July acquisition and from the
September acquisition campaign).

Multi-class Severity of infestation | Severity of infestation | Severity of infestation
classification 0 (Healthy) 1 (Slightly infested) 2 (Highly infested)

4
Marselan - PACA - FD

\,
Cabernet Sauvignon - ("
Nouvelle Aquitaine -
Esca

g J . J

Figure 6.7 PACA and Nouvelle-Aquitaine data configuration relative to a multi-class classification.

6.2.3.2 PACA REGION VS BURGUNDY REGION

The data considered for the texture analysis correspond to those acquired from PACA and Burgundy
regions in 2017. The grapevines considered are Chardonnay. The diseases tested here were FD and
BN. One dimension can be used in the analysis of these data; it is the nature of the infestation which
implies the number of classes used. Here, we used a dimension of three, which implies a multiclass
classification (shown in Figure 6.8); in fact, we studied the healthy group versus the FD infested
measurements (from the August acquisition and from the September acquisition campaign) versus
the BN infested measurements (from the August acquisition and from the September acquisition
campaign).
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Multi-class classification | Severity of infestation | Severity of | Severity of infestation
0 (Healthy) infestation 1| 2 (Highly infested)

(Slightly infested)
Chardonnay - PACA - ( ) ( A
i

\, Z
Chardonnay - Burgundy- ( A
N s

\. J - J

Figure 6.8 PACA and Burgundy data configuration relative to a multi-class classification.

6.2.4 TEXTURE CALCULATION AND DEFINITION OF OPTIMAL TEXTURE FEATURES WITH RELIEFF

6.2.4.1 APPLICATION TO PACA 2017 DATA

Features from leaves acquired in PACA region (Marselan, Grenache, Vermentino, Chardonnay) in
2017 are considered, which means that the FD disease is exclusively studied.

From Table 6.46, we can see that the results are generally satisfying; an accuracy higher than 83% is
reached. The best texture features in a binary context for the detection of FD when the symptoms start
to appearar are: histogram moments for Marselan (100%), fractal dimension for Grenache, for red
and white varities (97%, 98% and 90%), GLCM for Vermentino and Chardonnay (90% and 100%),
GLRM is the best when all measurements are concatenated (83%). When the top 10 texture features
are selected, the results were good, the highest was for Marselan (100%) and the lowest was for white
varieties (85%). In general, when choosing only the best technique or a concatenation of them, the
results were very similar.

Table 6.46 Results of using texture features in the Lab color space acquired in the August acquisition campaign for FD

detection (Severity of infestation = 1). Each texture technique is considered solely and a concatenation of some of them
is also presented.

Grapevine | Accuracy (%) AUC

variety
Best texture technique =~ Marselan 100.00 1.00 Mom
Grenache 96.77 0.98 Frac
Vermentino  90.00 0.97 GLCM,
GLRM, Grad
Chardonnay = 100.00 1.00 GLCM
Red 98.43 1.00 Frac
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White 90.32 0.94 Frac

All 83.33 0.87 GLRM
Concatenation of all Marselan 100.00 1.00
texture techniques

Grenache 96.77 0.98

Vermentino  96.67 0.98

Chardonnay = 93.75 0.99

Red 98.44 0.99

White 85.48 0.92

All 86.51 0.91

From Table 6.47, the best texture features for FD detection when symptoms become clearly visible
are GLRM for Marselan and Vermentino (100%), Fractal dimension for Grenache (100%), LoG
moments for Chardonnay (100%), histogram moments for red varieties (100%) and wavelet
parmaeters for white varieties and for all measurements (100% and 98%). When the top best texture
features are only selected the results were also very good (>96%) for all cases. Here when a texture
feature is considered solely the results were slightly better than combining all texture features. With
respect to the severity stage 1, when the symptoms are clearer, the accuracy is higher.

Table 6.47 Results of using texture features in the Lab color space acquired in the September acquisition campaign for

FD detection (Severity of infestation = 2). Each texture technique is considered solely and a concatenation of some of
them is also presented.

Grapevine Accuracy (%) @ AUC

variety
Best texture technique  Marselan 100.00 1.00 GLRM, Wav
Grenache 100.00 1.00 Mom, GLCM, Grad,
Wav, Frac
Vermentino = 100.00 1.00 GLRM, Grad, Wav
Chardonnay = 100.00 1.00 LoG
Red 100.00 1.00 Mom
White 100.00 1.00 Wav
All 98.44 0.99 Wav
Concatenation of all Marselan 97.06 1.00
texture techniques
Grenache 100.00 1.00
Vermentino | 100.00 1.00
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Chardonnay  96.67 1.00
Red 98.48 1.00
White 96.77 0.99
All 96.09 0.97

From Table 6.48, we can see that the results are generally satisfying; an accuracy higher than 86% is
reached. The best texture features in a binary context for the detection of FD wherever the degree of
severity are: histogram moments for Marselan, Grenache and red-berried samples (100%, 94% and
97%), GLRM moments for Vermentino and Chardonnay (97% and 88%), LoG parameters for white-
berried samples (85%) and Fractal dimension for the different samples together (88%). When the
texture features are concatenated and the best ten are kept, the results were also very good (>87%).
When choosing only the best technique or a concatenation of them, the results were very similar.

Table 6.48 Results of using texture features in the Lab color space acquired in the August and the September acquisition

campaigns for FD detection (Severity of infestation = 1 & 2). Each texture technique is considered solely and a
concatenation of some of them is also presented.

Grapevine Accuracy (%) AUC

variety
Best texture technique Marselan 100.00 1.00 Mom
Grenache 94.56 0.95 Mom, Frac
Vermentino  96.77 0.98 GLRM
Chardonnay @ 88.04 0.95 GLRM
Red 97.35 0.98 Mom
White 85.06 0.96 LoG
All 87.75 0.91 Frac
Concatenation of all Marselan 100.00 1.00
texture techniques
Grenache 94.56 0.97
Vermentino = 88.71 0.95
Chardonnay = 94.56 0.97
Red 97.35 0.99
White 88.31 0.95
All 87.46 0.93

In Table 6.49, a distinction between the different levels of FD infestation is made in the PACA region.
GLRM was the best for Marselan and red samples (98% and 94%), the histogram moments performed
best for Grenache (85%), same goes to the gradient parameters for Vermentino, white samples and
all combined samples (87%, 75% and 77%). Wavelet parameters on the other hand were the most
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advantageous for grading the Chardonnay variety (87%). When many texture features are combined
and arranged, the results were higher than 73%. Grading the severity stage of FD was more difficult
for white varieties and was overall more difficult than simply detecting the presence of the infection.
Table 6.49 Classification results from texture features in PACA after feature selection using the Lab color space acquired

in the August and the September acquisition campaigns for FD severity stage identification. Each texture technique is
considered solely and a concatenation of some of them is also presented (multi-class approach)

Grapevine | Accuracy (%)  AUC

variety
Best texture technique Marselan 97.92 0.99 GLRM
Grenache 85.43 0.92 Mom
Vermentino 87.05 0.87 Grad
Chardonnay = 86.90 0.92 Wav
Red 94.53 0.97 GLRM
White 74.60 0.82 Grad
All 76.84 0.85 Grad
Concatenation of all Marselan 97.78 0.99
texture techniques
Grenache 88.81 0.93
Vermentino = 81.64 0.89
Chardonnay = 73.03 0.85
Red 92.35 0.98
White 76.79 0.83
All 79.87 0.89

The FD detection on red (Marselan, Grenache) and white-berried (Vermentino, Grenache) grapvines
in the PACA region was feasible early in the season and nearly perfect at the end of the season. The
most frequently used texture features for the FD detection were histogram moments, fractal dimension
and GLRM parameters. The results due to severity stage discrimination (multi-class configuration)
were somehow less than the simple disease detection with no grading (binary configuration) specially
for the white varieties, it seemed difficult to distinguish early from late FD symptoms.

6.2.4.2 APPLICATION TO NOUVELLE-AQUITAINE 2017 DATA

Features from leaves acquired in Nouvelle-Aquitaine region (Cabernet-Sauvignon) in 2017 are
considered, which means that the Esca disease is exclusively studied. Texture features are studied in
the Lab color space.
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Table 6.50 shows that the fractal dimensions performs perfectly for detecting Esca on Cabernet-
Sauvignon leaves when symptoms start to show (100%). When many top texture features are used
the accuracy was also perfect (100%).

Table 6.50 Results of using texture features in the Lab color space acquired in the July acquisition campaign for Esca
detection (Severity of infestation = 1). Each texture technique is considered solely and a concatenation of some of them
is also presented.

Accuracy (%) AUC

Best texture technique 100.00 1.00 GLCM, Way,
Frac

Concatenation of all 100.00 1.00
texture techniques

Fom Table 6.51, we can say that the Fractal dimension was perfect for detecting Esca in the Nouvelle-
Aquitaine region (100%) when symptoms are already established. When many texture features are
employed and the best 10 are used, also a perfect accuracy was reached.

Table 6.51 Results of using texture features in the Lab color space acquired in the September acquisition campaign for
Esca detection (Severity of infestation = 2). Each texture technique is considered solely and a concatenation of some of
them is also presented.

Accuracy (%) AUC

Best texture technique 100.00 1.00 GLCM, Frac, GLRM,
LoG, Mom, Wav

Concatenation of all 100.00 1.00
texture techniques

From Table 6.52 we can say that the results are very good (accuracy of 100%). The best texture
features for Esca detection no matter what the symptoms were on a red grapevine-variety are Fractal
dimension. When choosing only the best technique or a concatenation of some of them, the results

were similar.

Table 6.52 Results of using texture features in the Lab color space acquired in the July and the September acquisition
campaigns for esca detection (Severity of infestation = 1 & 2). Each texture technique is considered solely and a
concatenation of some of them is also presented.

Accuracy (%) AUC

Best texture technique 100.00 1.00 Mom, Wav,
Frac

Concatenation  of  all 100.00 1.00
texture techniques

From Table 6.53 we can say that the results are very good and a little less than the binary case. The
best texture features for Esca detection in a multi-class context on a red grapevine-variety (Cabernet-
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Sauvignon) are the GLRM parameters. When choosing only the best technique or a concatenation of
some of them, the results were similar (94%).
Table 6.53 Classification results from texture features in Nouvelle-Aquitaine after feature selection using the Lab color

space for Esca severity stage identification. Each texture technique is considered solely and a concatenation of some of
them is also presented (multi-class approach)

Accuracy (%) AUC
Best texture technique 93.72 0.97 GLRM

Concatenation of all 93.72 0.97
texture techniques

The Esca detection on a red grapevine variety (Cabernet-Sauvignon) in the Nouvelle-Aquitaine region
was perfect when tested early or late in the season and the best texture feature was the Fractal
dimension. When discriminating between the different intensity of the disease, GLRM parameters
were the best features and the results for a multi-class case were overall a bit smaller than the simple
detection of the disease (binary case).

The detection of Esca on Cabernet-Sauvignon leaves was quite similar to FD detection on Marselan
leaves and a bit better than FD detection on Grenache leaves in most cases using one or all texture
features. The severity stage discrimination of Esca on Cabernet-Sauvignon was less than FD on
Marselan but higher than FD on Grenache.

6.2.4.3 APPLICATION TO BURGUNDY 2017 DATA

Features from leaves acquired in Burgundy region (Chardonnay) in 2017 are considered, which means
that the BN disease is exclusively studied. Texture features are studied in the Lab color space.

From Table 6.54, we can say that the Fractal dimension was the best choice for BN detection on
Chardonnay leaves when symptoms are still appearing. When ReliefF was used and the top features
are defined, the accuracy was also very good (97%).

Table 6.54 Results of using texture features in the Lab color space acquired in the August acquisition campaign for BN
detection (Severity of infestation = 1). Each texture technique is considered solely and a concatenation of some of them
is also presented.
Accuracy (%) AUC
Best texture technique 100.00 1.00 Frac

Concatenation of all 96.66 1.00
texture techniques

From Table 6.55, we can say that when BN symptoms become very clear in the Burgundy region in
September, Fractal dimenison was also the best texture feature and it gave perfect classification

119



CHAPTER 6. RESULTS AND DISCUSSIONS

accuracy (100%). The same can be concluded for the case where top 10 texture features are only
considered.

Table 6.55 Results of using texture features in the Lab color space acquired in the September acquisition campaign for
BN detection (Severity of infestation = 2). Each texture technique is considered solely and a concatenation of some of
them is also presented.

Accuracy (%)  AUC
Best texture technique 100.00 1.00 Frac

Concatenation of all  100.00 1.00
texture techniques

From Table 6.56 we can say that the results are promising. The best texture features for BN detection
in a binary context on a white grapevine-variety (Chardonnay) are the GLRM parameters (94%). A
concatenation of some of the texture features resulted in a slightly lesser accuracy than using the best
features (90%).

Table 6.56 Results of using texture features in the Lab color space acquired in the August and the September acquisition
campaigns for BN detection (Severity of infestation = 1 & 2). Each texture technique is considered solely and a
concatenation of some of them is also presented.

Accuracy (%) @ AUC
Best texture technique 94.28 0.97 GLRM

Concatenation of all 90.00 0.98
texture techniques

From Table 6.57 we can say that the results are promising. The best texture feature for BN detection
in a multi-class context on a white grapevine-variety (Chardonnay) are again the GLRM features
(88%). When choosing only the best technique or a concatenation of some of them, the results were
similar (89%)

Table 6.57 Classification results from texture features in Burgundy after feature selection using the Lab color space for

BN severity stage identification. Each texture technique is considered solely and a concatenation of some of them is also
presented (multi-class approach)

Accuracy (%) AUC
Best texture technique 88.18 0.87 GLRM

Concatenation of all 89.18 0.91
texture techniques

The BN detection on a white grapevine variety (Chardonnay) in the Burgundy region was perfect
when tested early or late in the season and the best texture feature was the Fractal dimension. The
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detection was also very good when samples of different infection intensity are tested together, here
the GLRM features performed best. When discriminating between the different intensity of the
disease, GLRM parameters were also the best features and the results for a multi-class case were
overall smaller than the simple detection of the disease (binary case).

The detection of BN on Chardonnay leaves was quite similar to FD detection on Veremntino and on
Chardonnay in most cases using one or combined texture features. The severity stage discrimination
of BN on Chardonnay was also similar to FD on Vermentino and FD on Chardonnay (~87%). The
symptoms of FD and BN are indistinguishable to the naked eye which explains why the classification
models had the same behavior.

6.2.4.4 APPLICATION TO PACA vs NOUVELLE-AQUITAINE 2017 DATA

In Table 6.58, when samples of different infestation levels and affected by FD are compared to those
affected by Esca on red-berried grapevines (Marselan and Cabernet-Sauvignon), texture parameters
were found capable of discriminating the FD samples from the Esa samples with an accuracy of 92%
when fractal dimension is used. The accuracy was even higher (95%) when all texture features are
combined and the top 10 are selected.

Table 6.58 Results of using texture features in the Lab color space acquired in the August and the September acquisition

campaigns for FD and Esca disease identification. Each texture technique is considered solely and a concatenation of
some of them is also presented.

Accuracy (%) AUC
Best texture technique 92.34 0.96 Frac

Concatenation of all  94.73 0.97
texture techniques

6.2.4.5 APPLICATION TO PACA vSs BURGUNDY 2017 DATA

In Table 6.59, we test the possibility of discriminating symptoms of BN and FD on white grapevine-
varieties, from PACA (Chardonnay) and from Burgundy (Chardonnay). The results are lower than all
other cases when one texture technique is used (Fractal dimension: 76%) and when many are
combined (72%).

Table 6.59 Results of using texture features in the Lab color space acquired in the August and the September acquisition
campaigns for FD and BN disease identification. Each texture technique is considered solely and a concatenation of some
of them is also presented.
Accuracy (%) @ AUC
Best texture technique 75.78 0.95 Frac

Concatenation of all  72.16 0.85
texture techniques
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We can say that the fractal dimenison is the best texture feature when it comes to identifying a disease.
Here samples from the same colored variety are considered and FD is evaluated with respect to Esca
and with respect to BN. The accuracies reached could be not only due to the disease differences but
also to varieties differences and regions differences. The discrimination between FD and BN was the
worst which is expected since as mentioned before the visible symptoms of FD and BN are very
similar.

6.2.5 DISCUSSION

RGB images acquired directly in the field from three different regions and containing samples from
different varieties affected by various diseases are used to calculate a set of traditional texture features.

We have found in our analysis (not shown here) that the Lab color space performed better than the
other ones (HSV and RGB). This was in accordance with the results found in [194]. In fact, the disease
was accurately detected by Lab in color model and wasn’t affected by background, type of leaf or
distance to the leaf. We found a foliar disease classification accuracy for Lab color space that was
higher than HSV, this result wasn’t supported in [195], authors proved that HSV color space
performed better than Lab for their application. However, their conclusion was valid only for
segmenting noisy colored images and they used the PSNR and MSE as tools for comparison. We
noticed that when a feature selection step is used, the most chosen features are from the band A (for
Lab) and H (for HSV), this detail wasn’t shown here. Bands A and H give information about color
and not about intensity. This conclusion was further supported in [196], authors after the
transformation process, considered only the H component for their analysis. S and | are dropped since
they claimed that they don’t give extra information. Moreover, in [131], the gray co-occcurence
matrices are generated also for H image only.

As mentioned in [125], K-means is one of the simplest unsupervised learning algorithms that solve
the clustering problem and showed good leaf segmentation for our case. Segmented images in the
Lab color space are used to calculate the following texture parameters: histogram moments, wavelet,
LoG, Gradient, GLCM, GLRM features and fractal dimension.

We mentioned before (ANNEX A) that many parameters could affect the accuracy of our image
recordings altering the accuracy of our texture calculations. Many studies confirmed that acquisition
conditions can alter texture analysis. The authors in [197] studied the dynamic range influence on
texture classification results of brain white matter. They concluded that in order to obtain more
reliable classification results, the dynamic range must be optimized to avoid too small or sparse
matrices. In fact, larger dynamic ranges do not necessarily give better texture results; they might
increase the computation costs and limit the method’s performance. Another study [198] assessed
how sensitive texture features on MR images are to changes in some parameters related to image
acquisition and preprocessing: noise, resolution, the choice of quantization method and the number
of gray levels in the quantized image. Authors found that noise, resolution, choice of quantization
method and the number of gray levels in the quantized images had a significant influence on most
Haralick texture features, and that the effect size varied between different features. In summary, to
meaningfully compare texture feature values, scientists recommended to use images with similar
resolution and noise levels, to use one quantization method, to find the range of intensities that are
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common for all data sets and to use that as a common limit for all images and finally to use one
GLCM size.

In general, our traditional texture features yielded good accuracies for detection, identification and
grading of grapevine diseases.

Haralick parameters gave promising results in our analysis. This conclusion was also demonstrated
in [130] who, found that the leaf sample discriminant analysis using Haralick textural features
achieved classification accuracies of over 95%. In addition, study [199] reported that texture features
calculated from the the gray co-occcurence were able to classify Black Rot with an accuracy of 95%.

LoG parameters proved good accuracy in classifying grapevine diseases through color images.
Another study [200] concluded that the analysis of liver texture by LoG on portal phase CT images
is promising and may has potential in predicting the survival for patients with colorectal cancer than
CT with better accuracy than perfusion imaging. Parameters extracted from filtered images in [201]
showed that there are differences in fine to medium texture ratios in apparently disease-free areas of
the liver in patients with hepatic metastases as compared to patients with no tumour and patients with
extra-hepatic disease. The LoG filtration technique presented is flexible and allows extracting image
features at particular scales that have relevance. The filtration step also enables heterogeneity to be
quantified using first-order statistical parameters such as entropy and uniformity, which benefit from
being directionally independent and less computationally expensive [202].

Wavelet features were also interesting for distinguishing healthy from diseased leaves. This is not the
first time such a result occurs. In fact, in [148] MRI images were decomposed using discrete wavelet
transformation (DWT). In the classification stage, two classifiers have been developed. The first
classifier based on feed forward backpropagation artificial neural network and the second classifier
is based on k-nearest neighbor, a classification with a success of 97% and 98% has been achieved,
respectively.

GLRM features reported good accuracy in our case. They even behaved better than the GLCM
features. This question was raised in [203], authors classified and compared different rice grain types
using GLRLM features and GLCM features. Results show that GLRM features outperforms GLCM
features for bulk rice grain classification and this conclusion was made for three various types of
classifiers.

In general, Fractal dimension gave satisfying results for our problem. When comparing texture
features, it seems that the fractal dimension was the best and worked for the majority of the cases for
detecting diseases, grading them and it was also shown that the fractal dimenison is the best texture
feature when it comes to identifying a disease. This finding was reported in another study from the
medical field [204]. Authors claimed that on its own, fractal dimension analysis gave highly
significant results for the separation between colon cancer and normal tissue. Since, the Fractal
dimension was the best technique among the other traditional texture features; we detailed in ANNEX
E its calculation.

Eventhough the Fractal dimension behaved very well, it wasn’t the best for different cases. In practice,
we couldn’t find one type of texture parameters that could be the top best for all grapevine varieties,
for all diseases and for all stages. Our textural processing was, similarly to our previous reflectance
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analysis, case-dependent. GLCM, LoG, Wav, Fractal, GLRM, Grad and Hist were only successful in
certain configurations. Instead of checking what parameter could work for what case and building a
classification model for each type of texture, we suggested a method that concatenates texture
parameters, selects the best among them and builds one classification model. The results were similar
to the case where each texture technique is considered solely.

To avoid a dimensionality problem, we inserted a variable selection stage with the ReliefF algorithm
and kept only the best 10 texture features from the three bands (L, a, b). In general, the simplification
of the features largely reduces the calculation burden, and it also helps improve the performance of
classification models. A study on citrus diseases [130] showed that a reduced hue and saturation
feature set, emerged as the best data model for the task of classification achieving accuracies of 96%.
When texture features corresponding to H, S, I, HIS and HS are compared in [205], results concluded
that Model HS achieves the highest overall classification accuracy. One more advantage of using HS
is the decrease in computation time for training and classification because of the elimination of
intensity features. A similar result was demonstrated in [206], where 13 texture features were selected
for the color combinations of HSI. The model using 13 selected HIS texture features achieved the
best classification accuracy (96.7%) with respect to the one using all 39 HSI texture features. Since
Lab was found to be the best color space, the results suggest that it would be best to use a reduced L,
a, b texture feature set to detect grapevine leaf conditions.

The texture feature concatenation and reduction procedure worked perfectly for FD, Esca and BN
detection. Results were good for grading disease severity stages. The method also gave promising
results when trying to identify diseases (FD vs Esca; FD vs BN).

The FD detection on red (Marselan, Grenache) and white-berried (Vermentino, Grenache) grapvines
in the PACA region was feasible using texture features early in the season and nearly perfect at the
end of the season. The Esca detection using texture data on a red grapevine variety (Cabernet-
Sauvignon) in the Nouvelle-Aquitaine region was perfect when tested early or late in the season.
Similarly, the BN detection with texture on a white grapevine variety (Chardonnay) in the Burgundy
region was perfect when tested early or late in the season. In general, binary classifications gave better
results than multi-class classifications, the classifiers could easily detect the presence of a disease but
found it more difficult to determine the stage of an infection or to differentiate many infections. The
FD and Esca were successfully separated on red-varieties (Cabernet-Sauvignon from Nouvelle-
Aquitaine and Marselan from PACA). The attempt to separate FD from BN was more complicated
and this is somewhat expected since the symptoms of FD and BN are indistinguishable to the naked
eye.

6.3 GLOBAL DISCUSSION

This Chapter demonstrated that in addition to reflectance, texture analysis could very interesting for
grapevine disease classification. Our finding was in accordance with many scientific research studies.

First, in Oklahoma and Texas, two winter wheat fields, three field experiments and one green house
were studied in [27]. Authors were looking to quantify damage by greenbugs by investigating the use
of spectral reflectance together with digital image analysis. The reflectance data was used to calculate
a set of spectral vegetation indices deduced from the literature. The image data were used to estimate
the mean percentage of damage caused by greenbugs. Correlation analysis showed strong

124



CHAPTER 6. RESULTS AND DISCUSSIONS

relationships between the vegetation indices and the severity of damage by greenbugs and the
correlation coefficients reached 0.98.

Second, a hyperspectral imaging system collected images of healthy and diseased tomato sample
leaves. The idea of [207] was to check whether this technique could determine the presence of tomato
yellow leaf curl disease. Sensitive wavelengths and band ratios were defined by reflectance data
analysis. Then, 24 texture features were extracted using grey level co-occurrence matrix and evaluated
by a receiver operator characteristic curve analysis. The result for a validation set was excellent
(100%).

Finally, a spectro-radiometer collected the reflectance spectrum in the 450-1000 nm range for healthy
and rust diseased wheat. Work [208] took also RGB digital images for each sample; ratio of the area
affected by the infection with respect to the total area was calculated. The reflectance spectra were
strongly affected by the presence of the diseases; this was clearly shown in the first-derivative of the
spectrum. The research discovered a direct correlation between the first derivative of the spectral data
and the severity of the infection.

Other applications from the agricultural field but not related to disease detection also had similar
results when it comes to joining reflectance information and image analysis. Visible and near infra-
red corn seed hyperspectral images were classified by their varieties based on combining many
features in [99]. In fact, authors developed classification models based on a combination of
reflectance, morphological and texture features. They tested Support vector machines and partial least
squares—discriminant analysis. Produced results demonstrated that this new procedure enhanced the
correct recognition rate. In fact, the SVM model was more efficient than PLS-DA and scored higher
than 96.3%.

The idea of testing reflectance and textural features was also found in other fields than agriculture.
For example, in the food industry, heme and non-heme iron contents in meat products were estimated
[209]. Authors calculated texture features from MS images (405-970 nm). Results showed that the
combination of reflectance and textural features was more effective than when the spectra or textures
were used alone for evaluating heme and non-heme iron contents. This finding suggests that MSI
technology might be a good alternative to the time-consuming and destructive chemistry method and
might become a valuable direction in the food industry.

In the scientific literature, texture features weren’t only associated to reflectance data in the visible
and infra-red regions but also to fluorescence information. Cases of biotic and abiotic stress were
evaluated in [210]. At the beginning, barley was subjected to different nitrogen supply and
fluorescence ratios were identified to characterize the stress and draw conclusions about leaf pigments
status. Later, shape analysis described the appearance of three structural different kinds of fungal
symptoms. Shape descriptors demonstrated great ability in successfully discriminating fungal
infections. An advanced multi-color imaging system, based on chlorophyll fluorescence and blue-
green fluorescence, in addition to some shape descriptors, is capable of detecting and characterizing
local stress symptoms in leaves.
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6.4 CONCLUSIONS

FD infected samples are studied for four different kinds of varieties (Marselan, Grenache, Vermentino
and Chardonnay) in PACA region. Esca and BN affected leaves from Cabernet Sauvignon in
Nouvelle-Aquitaine and Chardonnay in Burgundy, respectively, were also checked.

Complete spectral data and a set of traditional SVIs were assessed for disease detection. Two
generalized feature selection methods were proposed: SPA-KNN and GA-KNN. Both methods were
better than the use of complete spectral data. GA-KNN was also better than traditional SVIs but this
wasn’t the case for SPA-KNN. GA-KNN also proved better accuracy than SPA-KNN but had the
disadvantage of being slow and computationally expensive.

For a practical case of MS imaging, we proposed the design of specific spectra disease indices based
on the generalized feature selection methods already introduced. SDIs based on SPA-KNN
outperformed complete spectral data, SVIs and the generalized SPA-KNN and GA-KNN for most
cases. SDIs based on GA-KNN on the other hand didn’t only outperform complete spectral data, SVIs
and the generalized SPA-KNN and GA-KNN but also achieved better accuracies than the SDIs based
on SPA-KNN. Hence, SDIs that are GA-KNN based proved to be the best approach. Here, four
effective wavelengths were selected and the accuracy of classifying reflectance data in a binary
context was higher than 90%.

RGB color images are taken for each sample leaf, leaf pixels are segmented and texture features are
extracted from the Lab color model but only the optimal top 10 features are kept, like previously
explained. The accuracy reached by the combination of these 10 texture features for all cases was
higher than 85% in detecting disease. The accuracy was also higher than 73% in grading the
infestation and higher than 72% in identifying the infection.

The results of this study indicated that remotely sensed data recorded by a hyperspectral spectrometer
and a digital camera have the potential to aid in monitoring damage in grapevines growing under field
conditions. Furthermore, by combining different features, we were able to distinguish between Esca
and FD on one hand and BN and FD on another hand, with very promising degrees of accuracy.

At the end, we can say that grapevine disease detection seems to be possible using a MS sensor. In
addition to the reflectance data, texture features from colored images were found very interesting;
these could also be extracted from the MS images and used to further refine the classification.
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CHAPTER 7
7 CONCLUSIONS AND PERSPECTIVES

7.1 CONCLUSIONS AND PARTICULAR PERSPECTIVES

In CHAPTER 2, we mentioned that visual inspection and biological techniques are frequently used to
monitor disease occurrence in crop fields. However, they have some limitations. For example, visual
inspection requires experts to check each plant looking for symptoms which is time-consuming and
expensive. Biological techniques, on the other hand, like PCR and ELISA, require specific procedures
or the results will be unreliable. Hence, these techniques can be complicated.

Highly accurate and reliable systems are required to replace traditional ones and to respond to the
worldwide spread of crop diseases. In fact, non-contact systems are particularly needed to help
farmers and producers in automatically identifying initial symptoms of plant diseases. Among non-
contact systems, RS tools are of great interest, as they can acquire and analyze energy reflected by a
phenomenon and hence monitor the status of vegetation in a non-destructive way. RS devices can go
even further and identify infected zones in a field by defining the spatial locations of the damage spots
in an early manner. Thus, RS may provide a proper tool to analyze large fields quickly and to allow
the eradication of primary infections early, avoiding secondary spread. Moreover, nowadays,
tremendous progress is achieved in designing different types of platforms, highly sensitive sensors
and implementing multiple data analysis techniques.

Several studies were found in the literature discussing the use of RS in viticulture and some of them
investigated in-field disease detection. The symptoms which appear on an infected plant are the result
of the physiological alteration induced by the pathogen. The amount of water, the concentration of
pigments and the functionality of the tissue, are all factors that may vary depending on the interaction
between the pathogen and the host and may also modify the reflectance signatures of the plants.
Hence, besides color imaging, visible/infra-red spectroscopy and multispectral/hyperspectral imaging
were all tested. However, it seems that multispectral or hyperspectral imaging systems are probably
the most convenient means for grapevine disease detection under field conditions.

In general, the imaging technology has emerged as a powerful tool in agriculture but it is still not
much exploited for vines. The effort that has been undergone for the moment to accomplish early
detection of grapevine diseases automatically is minimal, with respect to the major impact of those
diseases on grapes yield and wine quality. The diseases need to be detected not only in symptomatic
hosts in their natural production environment but also in asymptomatic hosts when the symptoms are
not so obvious. A vine disease must be studied in many cultivars including those with white and red-
grapes and also at different stages of severity. Many studies targeted the detection of powdery and
downy mildew and grapevine leaf-roll in grapes and so it seems essential to explore other diseases
and stresses.

Many grapevine diseases exist, a special emphasis was given to grapevine yellows (‘Flavescence
Dorée’ and ‘Bois Noir’) and to Esca in this thesis. ‘Flavescence Dorée’ (FD) is the most dangerous
among them since it is contagious and incurable.
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Many projects aimed to diagnose grapevine diseases; among them a French research project called
‘DAMAYV’ was initiated. It gathered academic and industrial entities in order to provide an innovative
tool that will enable the diagnosis of the symptoms of FD (and other diseases that have an impact on
the foliage) without mobilizing significant human resources and limiting phytosanitary treatments. A
dedicated MS high-resolution sensor will be designed and embedded on a UAV as a specific solution
for the automatic grapevine disease detection. This PhD, which is a part of the DAMAYV project,
aimed to participate in the design and implementation of the acquisition system and to develop
algorithms based on the most relevant spectral and texture features related to specific grapevine
diseases.

A phase of data acquisition is first performed and explained in CHAPTER 3. Hardwares, softwares and
overall protocols for correctly acquiring hyperspectral reflectance and RGB digital images were
explained. Three French regions (Provence-Alpes-Cotes d’Azur, Nouvelle-Aquitaine, Burgundy)
were considered during two consecutive years (2016-217). Red (Marselan, Grenache, Cabernet-
Sauvignon) and white grapevine (Vermentino, Chardonnay) varieties were both tested. Many factors
such as the operator, the instrument, the vegetation itself and the atmospheric conditions can
compromise the accuracy of the acquired spectral measurements; most of these factors seem to be
uncontrollable but they should be noted anyways during the acquisition phase. Parameters affecting
the accuracy of the acquired image data were also mentioned (ANNEX A).

In ANNEX B, a visual and statistical anlaysis of reflectance data are presented. From a visual point of
view, when FD-infected samples from red and white grape-varieties were considered, we found that
the variation of infected spectra with respect to healthy ones was variety-dependent. This is somewhat
predictable since symptoms of FD don’t look the same for both varieties. We also concluded that the
patterns of FD and Esca on a red variety are similar; same goes to FD and BN on a white variety. The
potential of our reflectance data was assessed from a statistical point of view using a PCA. Globally,
we found that the variation of spectral data due to FD, BN and Esca with respect to healthy cases was
significant. However, the variation between FD and BN on one hand and FD and Esca on another
hand wasn’t significant. Furthermore, the variation between two infestation levels of FD wasn’t
significant. This implies that spectral analysis could indicate the presence of a disease but isn’t reliable
when it comes to identifying the infection or grading it. Our finding was in accordance with biologists
who claimed that the three studied infections cause common non-specific responses in leaves. Since
the changes in contents are very similar for the three infections, spectral analysis can’t be expected to
successfully discriminate among them; so additional parameters should be considered for this
purpose. An enhancement to be considered is replacing the statistical PCA analysis with an ANOVA-
Simultaneous PCA analysis (ASCA). It would have given in addition statistical indications of the
significance of the factors studied and their interactions.

Traditional spectral data analysis was first tested. Using the complete spectral data (ANNEX C) raised
data dimensionality problems. Thus, a dimension reduction step is needed. In order to select the most
interesting spectral features, that will be implemented later as filters on the Multi-Spectral (MS)
sensor, we needed a variable selection technique. We tested traditional SVIs first in CHAPTER 4. Based
on the results in CHAPTER 6, we recommend using the ARI vegetation index for detecting diseases on
red varieties, GM1 for white varieties and mCAlI for combined red and white varieties. The best SVIs
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are shown in ANNEX D. These indices are however general and we wanted to conceive better ones for
our disease detection task.

Two new dimension reduction techniques were proposed next in CHAPTER 4. For the practical MS
Imaging case, we calculated new SDIs that challenge SVIs. The first method uses SPA. It achieved
better results in general with respect to common SVIs. Advantages of the SPA technique include
robustness and speed of computation. The second method relied on using GA for the variable
selection task. This technique gave promising accuracies with respect to common SVIs. The GA’s
limitation included high computational load, processing time and complexity. Possible improvements
that might be considered are the following. SPA selects variables based on their variance, regardless
of their class (sick or healthy), which means that the inherent nature of SPA is unsupervised. This
might explain why the GA performed better than SPA. In the future, we think that it is advisable to
test another algorithm such as CovSel which is a modified SPA. CovSel (Covariance selection) is a
method for variable selection [211], it can be considered a hybrid method as SPA, from which it takes
inspiration. CovSel is well adapted to multi-response calibration of spectrometers and can be applied
to the problem of discrimination considering indicator variables as responses. For GA, an
improvement could consist on reducing the search space or maybe choosing better non-random initial
values closer to the solution so that the convergence can be achieved faster. Moreover, many
parameters for GA algorithms were chosen empirically; another improvement could be also to look
for automatizing this choice.

The SDI we used was designed as a combination of a weighted ratio of two reflectances and a
normalized difference of two reflectances. Additional possible improvement would be trying another
SDI formula; one obvious example is replacing the weighted ratio of two reflectances with a
normalized difference of two reflectances. Such new SDI formula might be assessed and compared
to the one proposed in this thesis in terms of effciciency.

The final selected spectral features were indeed a function of the grapevine variety and of the disease
itself. Theoretically, they can be anywhere from 400 nm till 2400 nm. Affordable filters can go upto
1000 nm. To ensure a practical use, we advise to only study the range from 460 nm and 955 nm either
from the beginning or just before applying the exhaustive search for the SDI calculation.

Since the analysis was done on a leaf-level scale and that using a UAV might introduce noise on
spectral data, other features related to the appearance of the disease need to be taken into account in
order to enhance the classification results. Color images were recorded for each sample leaf. Among
RGB, Lab and HSV, the Lab color space was the most convenient one for texture analysis in the
context of our application. The band ‘a’ that holds information related to color was the most
informative one. For each Lab-colored image, many texture features were calculated and then
significant eliminations of redundant texture features were accomplished through the use of the
ReliefF technique (CHAPTER 5). In fact, only the best ten features were kept each time, this resolved
the curse of dimensionality and offered satisfying results. The texture features adopted were:
histogram moments, Haralick moments, gradient parameters, GLRM, fractal dimension, Wavelet
parameters and LoG parameters. These were also effective in detecting many diseases in the medical
field.

The potential of our texture data was assessed from a statistical point of view using a PCA. We found
that texture data extracted from colored images were in general capable of not only detecting
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infections but also grading them and differentiating them. Disease classification and severity grading
of FD, BN and Esca was possible. The discrimination between FD and Esca was satisfying but the
discrimination between BN & FD was difficult and this was expected since both induce same visible
symptoms. This statistical analysis should be tested on texture data acquired from MS images.

If only one texture parameter needs to be used, we recommend the fractal dimension; it performed
the best in the majority of the cases in CHAPTER 6. The detailed results of the fractal dimension
calculation are exposed in ANNEX E. To improve the results, one can imagine testing other color
spaces than RGB, Lab and HSV that might be more convenient for grapevine disease detection on
colored images. Furthermore, other texture parameters exist in the scientific literature and we weren’t
able to test them all. One could also consider nesting some texture features, for example, calculating
second order parameters (Haralick) on the resulting image of the gradient, the Laplacian of gaussian
or the Wavelet. Another possible texture analysis track could consist on a classification of the colored
images at a pixel-level scale. For example, we could verify the performance of the first or second
order moments in a classical or variable neighborhood. As a result, instead of having one vector of
features per image, we would have one vector of features per pixel.

Paper [212] proved that color balancing models allow for a significant improvement in the accuracy
of texture recognition for many CNN architectures. The feasibility of the approach is demonstrated
by the experimental results obtained on the RawFooT dataset. Texture images were acquired under
several different lighting conditions and the study concluded that color balancing do have an effect
on texture calculation and on classification results. During our color image acquisitions, the white
balance was put into automatic mode. This means that the color intensities were changing depending
on the lighting conditions. As a result, the texture calculation and the classifications might be affected.
We advise to manually tune this parameter so that no modification can occur under natural
illumination conditions. In the research [213], the luminance was shown as a function of daytime
during the month of June. If we limited the duration from 10 o’clock in the morning till 4 o’clock in
the afternoon, the period in which we acquired our data in the field; we can find a luminance variation
of +/-20%. In the research [214], several features have been proposed ranging from traditional
statistical descriptors to features extracted with neural networks. An extensive comparison of old and
new texture features with a particular focus on how these features are affected by small and large
variations in the lighting conditions was given. The evaluation is performed on a texture database,
which includes 68 samples of raw food acquired under 46 conditions that present variations of light
color, direction, and intensity. The database allows to investigate the robustness of texture descriptors
across large variations of imaging conditions. Shots have been taken while illuminating with neutral
light (D65) at different levels of intensity (100%, 75%, 50%, and 25% of the maximum achievable
level). Authors found that when the intensity of illumination varies of +/-20%, the accuracy of
traditional texture parameters (histogram moments, LBP and Gabor features) in some classification
tasks varied about +/-10%. A +/-10% variation in the classification accuracy isn’t critic for our case
since the texture accuracy was quite high in our study. Anyway, in the future, more tests need to be
done for assessing the effect of illumination variation on the performance of our exact texture
parameters.

Other type of features different than texture such as the spatial propagation of the disease or maybe
the shape of the disease form interesting factors that could be considered in the future for the aim of
grapevine disease identification.

The SVM classifier was used due to its popularity in the field of spectral and image data processing
and gave good results.
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Strong correlations between spectral/textural data and grapevine damage suggest that multispectral
imaging sensors can be used as quick, nondestructive, repeatable, and cost-effective techniques to
detect many types of damage in vines. This study was thus the first step to use reflectance
measurements along with digital image analysis to estimate damage by Yellowing and Esca on many
grapevine varieties. The proposed methods can be transferred to other crops varieties and can used
for different kinds of diseases or biotic and abiotic stresses in crops.

7.2 GENERAL PERSPECTIVES

The correct discrimination between different vine diseases is a difficult task. Indeed, different diseases
can cause very similar symptoms, and sometimes, the same virus can cause different symptoms
depending on the grape variety; symptoms can also be due to a combination of diseases occurring at
the same time. Some factors such as bad weather conditions, variance in soil minerals and nutrients,
pollution, and pesticides can induce virus-like symptoms; the time of infection and the overall
environment can also affect the appearance of symptoms, and finally some viruses might not cause
any visual symptoms of infection. As a result, a wide range of phenomena can give identical leaf
symptoms (water stress, nutrient deficiencies, broken branches, mechanical operations, different
diseases such as leaf-roll, red blotch, and others). Expected accuracies are true in the ideal case where
the only symptoms to be detected are those of the considered diseases. Hence, suggested analysis
need to be tested in different environments, at different field conditions; other types of diseases or
stresses and grapevine varieties must also be taken into consideration.

Our study focused on disease detection at a leaf-scale level. In fact, measurements were taken through
direct contact with the sample. Based on these findings, it might be possible to conceive a
multispectral camera and mount the sensor on any movable platform to localize infection foci in a
field. A preliminary version of the MS sensor was made in our laboratory (ANNEX F), this version
isn’t optimal and therefore not ready to be embarked on the drone. Future research, part of them being
included in the DAMAYV project, will mainly focus on incorporating the MS sensor on a UAV
platform to expand the study to the whole field or landscape level. The full system (UAV + sensor)
is in the finalization phase and new acquisition campaigns are expected in the summer of 20109.
Additional work will address the processing of the associated multispectral images. If we want to
examine a complete branch, or maybe the whole grapevine, additional corrections need to be taken
into account. Geometric and radiometric improvements capable of solving shadowing problems,
branch structures and interfering reflectance from other surrounding objects are necessary.

The utility of the developed texture analysis will be assessed on a set of multispectral images obtained
from the new sensor instead of RGB colored ones. It should be mentioned that the texture processing
employed in this study includes traditional feature extraction algorithms along with a traditional
machine learning task. New approaches such as deep learning could be tested. The advantage of this
technique is that we, no longer, have to calculate, select the features and inject them to the classifier.
Instead, with deep learning, the neural network chooses the important features and trains itself
automatically. The main drawback of this technique is that the learning time is extra-long, many
samples are needed for training (millions sometimes) but the classification task itself is very fast and
precise.

Furthermore, when adopting a multispectral sensor, we will not only have spectral information but
also spatial data. This available spatial data will enable adding advanced image processing algorithms
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other than texture analysis, to yield a more robust detection of FD. Actually, two other FD symptoms
cannot be detected spectrally; so, in order to better conclude the presence of the condition, additional
pattern recognition algorithms can be integrated directly in the sensor to detect the absence of
lignification and the berry mortality that are additional indicators of FD presence.

Finally, to our knowledge, this PhD is the first to investigate the potential of the combination of
textural and reflectance information for identifying foliar symptoms of Yellowing and Esca vine
diseases directly under field-conditions. This study is done at a leaf-level scale but will be extended
to the canopy level in the future.

Intensive research will identify new sensor-based methods for the detection, identification and
quantification of grapevine diseases. Modern progress in RS techniques has the aptitude for boosting
vineyard management and ensures that the vineyards management of the future become scientifically
and automatically handled. Therefore, it is crucial to focus current research on developing real-time,
universal algorithms that are rapid and precise, aiding in the localization task of established diseased
foci in canopies.

Developing and testing new and emerging RS-based technologies are the current main focus areas of
automating crops in general and vineyards in particular. Areas of application may not only include
disease detection but also fruit harvesting, fungicide application scheduling, agricultural practices
evaluation and others.
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ANNEX A
A. PARAMETERS AFFECTING DATA

PARAMETERS AFFECTING THE REFLECTANCE DATA

THE OPERATOR

To prevent errors caused by the operator, he must carefully respect the data acquisition protocol
mentioned in CHAPTER 3.

Instrument settings parameters like the dark current integration, the white reference integration and
the number of averages per sample should be the same for each acquisition. The spectrometer should
be warmed-up before use. It is important to use the same warm-up time (at least 15 minutes) for each
acquisition. Operations like optimization and white reference measurements should be performed
each time the illumination conditions change. The probe must be well-maintained during acquistions.
It is advised to use a leaf clip, if it is not available then use a black support behind the leaf and hold
the probe in a stable perpendicular position to the target during measurement.

THE MEASUREMENT DEVICE

The spectro-radiometer contains an inherent error which is related to the instrument’s precision. The
ambient temperature is a factor that can affect the instrument’s accuracy since DC noise is sensitive
to temperature. It is recommended not to take measurements when the temperature is above 40
degrees.

THE OBJECT UNDER STUDY

Samples from different plants or even from the same one can produce contrasting reflectance
measurements. The dissimilarity between the data obtained is due to spatial and temporal variability
of the sample characteristics on one hand and to the soil characteristics on the other hand.

The reflectance data measured on a canopy scale (using a UAV equipped with a multispectral or
hyperspectral camera for example) depends on the branching angles and the texture of the target
(diffuse, specular) because a surface with rough texture will tend to have a higher proportion of
illumination from the diffuse and scattered surrounding sources relative to the direct solar
illumination when compared with smooth surfaces. Homogeneity or heterogeneity of the canopy
(monoculture or mixed community), described by percent cover of each component as well as
differences in phenology of the target species, presence of a single layer or multiple layer, a uniform
cover or distinct clumps across the plot, are all factors that can influence the measured spectra. The
height of ground cover and phenology (vegetation health and growth stage) are also to be taken into
consideration. Finally, the type of canopy and its closure, systematic or unsystematic orientation of
rows are additional factors that can affect the precision of the measurements.

The reflectance data measured on a leaf scale (using a spectro-radiometer for example) depends on
the leaf area index which defines the area that interacts with solar radiation, on the leaf size (age), the
leaf density at the branch level and the leaf angle distribution as this may change during the day while
leaves orient themselves toward or away from the incident radiation. Leaf optical properties may
further vary during the day and during the seasons; indeed, variations in light intensity, air temperature
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and relative air humidity leads to diurnal variations of photosynthetic rate and leaf relative water
content.

Soil characteristics such as its texture, color and moisture content can affect received reflectance data
on both a canopy and leaf level.

ENVIRONMENTAL CONDITIONS

The illumination can influence the accuracy of reflectance measurements. If it is natural, then it is
uncontrollable and two measurements are required: the reflectance response of a reference sample
and the one of the target sample. The reflectance is computed by dividing the spectral response of the
target by that of the reference sample. An inherent assumption is that the characteristics of the
illumination are the same for the reference and target materials.

The direct solar illumination is the dominant source of illumination of a target, but it is possible to
have several sources of light scattered from surrounding objects each with its own unique reflectance
distribution. The illumination of the target surface could be affected by different factors: the operator,
the measurement instrument and the surrounding objects. These could form a source of scattered light,
diffusing light on the target or could also cover the target preventing direct illumination.

The sun angle and position are important factors to consider. Between the highest position of the sun
and that of the sun lying low in the horizon, irradiance varies. Solar zenith angle can become a
critical parameter because the column density of water vapor in a given atmosphere increases rapidly
as zenith angle increases. This last one decreases from its minimum at vertical either with time of day
or season because, as water vapor absorption increases, solar irradiance decreases and this means
greater difficulty in detecting spectral features throughout the short wave infra-red but especially near
water band locations.

Absorbing molecules in the atmosphere strongly modifies the incoming solar irradiance. By far, water
vapor has the strongest impact on the incoming solar spectrum. Other major atmospheric components
that influence the atmospheric transmission are carbon dioxide, ozone, oxygen, carbon monoxide,
methane, nitrous oxide ...

Field measurements are therefore commonly restricted to a period around solar noon when the solar
geometry is changing least and when the errors due to the angular response of the reflectance panel
are at a minimum

Clouds, smoke and haze also attenuate solar irradiance by absorption which results in scattering that
contributes to the secondary source of illumination and variable irradiance as a result of changing
conditions between target and reference measurements. The presence of a cloud cover could boost
the diffusion of solar illumination since it creates shadows decreasing the contrast between surfaces
with different surface textures.

Spectra should be measured under illumination conditions comparable to those at the time the image
was captured.

PARAMETERS AFFECTING THE IMAGE DATA

THE OPERATOR

Many techniques available in digital cameras can alter the appearance of an image. Image processing
operations may be used to enhance original images, to convert master images to derivative images of
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reduced quality, or to prepare master or derivative images for display or printing. Image processing
operations include but are not limited to:

Resampling-changing the image's pixel dimensions
Adjustment of brightness and contrast

Color correction

Rotation

e Compression

Some camera features like color balancing for example can be manually tuned by the user and affect
the contrast and hence the overall appearance of objects in the images. The distance from which the
image is taken, which is defined by the user, affects the scale and then how objects look like in the
images.

The parameters manually tuned and the distance to the object of interest, should be maintained the
same during the image acquisition protocole in order to correctly interprete the images.

THE IMAGING DEVICE

There are several parameters that characterise the quality of digital images. Resolution, noise, and
artefacts are the main parameters of image quality.

Resolution is of three main categories, spatial resolution (space), contrast resolution (intensity) and
temporal resolution (time). Noise is produced by the statistical fluctuation of value from pixel to pixel.
The noise sources are of three types, namely quantum noise, electronic or detector noise and
computational or quantisation noise. Digital image artefacts can be caused by hardware or image
receptor artefacts, and software artefacts

Those parameters are defined by the designers of the sensor. Like any other sensor, digital cameras
can also have an internal error that may affect the fidelity of the image to the real life.
THE OBJECT UNDER STUDY

Other digital image artefacts are caused by object artefacts. Specular, glossy or reflective surfaces
that could be found in real scenes aren’t perceived the same way. The object imaged plays also a role
in how the image looks like. The surfaces studied in our case are vegetative living tissues which can
change over time with age meaning that their appearance in the image could change too.

ENVIRONMENTAL CONDITIONS

The environment can have a surprisingly large effect on perceived colors in fact, the ambient
illumination can affect the color appearance in images. A color checker must be used to calibrate the
images before processing them.
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ANNEX B

B. ASSESSMENT OF THE POTENTIAL OF
REFLECTANCE DATA FROM A VISUAL AND
STATISTICAL POINT OF VIEW

VISUAL EXAMINATION OF REFLECTANCE DATA PATTERNS

In the general case explained in CHAPTER 2 the spectum has a strong absorption in the visible region
due to photochemical pigments (chlorophylls and carotenoids). However, in the near infra-red region,
the reflectance is higher; this is the result of multiple internal light scattering that is a function of the
complexity of the leaf’s structure. In the next paragraph, the mean reflectances of data acquired from
different grapevine varieties and affected by multiple diseases are displayed. The sample leaves
considered are ones starting to show visible symptoms. How the grapevine specie and the type of
disease can alter the spectral reflectance, is discussed next. We used reflectance average calculation
only for a visualization purpose. Despite this, we made sure in all cases that the distributions under
study are all unimodal. A statistical test called the DIP test [215] was employed in order to check for
the unimodality of the data, we also made sure that the histograms showing the data distribution were
unimodal.

REFLECTANCE OF FD ON RED (MARSELAN) AND WHITE GRAPEVINE VARIETIES (CHARDONNAY) IN
PACA REGION

When compared to healthy reflectance signatures, it can be clearly seen from Figure B.1 that the
reflectance for both diseased red and white berried leaves were somewhat different. Thus, this clearly
shows that the reflectance response was affected by the infestation.

For the Marselan variety (red-grape), the peak in the green range appearing in the visible part of the
infected spectra moved towards longer wavelengths. Moreover, the healthy spectrum was higher than
the infested one in the visible region (mainly between 500-700 nm), the opposite occurred in the near
infra-red region (800-1300 nm) but then in the infra-red region (>1300 nm) the healthy spectra raised
a little above the infested one. It would seem that when the infestation level increases, the reflectance
signature decreases in the visible region and increases in the near infra-red region. The same trend
was also observed for Grenache white grape leaves (spectra not shown).
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On the other hand, for the Chardonnay variety (white-grape), the peak in the green line in the visible
part of the infected leaf remained in position for infected leaves. Furthermore, the healthy spectrum
was lower than the infested one in the visible region (mainly between 500-700 nm), the opposite
occurred in the near infra-red region (800-1300 nm) and in the infra-red region (>1300 nm). It would
therefore seem that when the infestation level increases, the reflectance signature increases in the
visible region and decreases in the near infra-red region. The same trend was also been observed for

Vermentino red grape leaves (spectra not shown).
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Figure B.1 Mean reflectance of FD infected and healthy for (a) Marselan grapevine leaves and (b) Chardonnay
grapevine leaves. Diseased and healthy spectra are presented in red and green respectively.

We can conclude that above 1400 nm, the difference between the healthy and diseased spectra was
almost the same in the red and white varieties. This overall tendency observed due to FD in red and
white varieties was verified and found to be the same in the acquisition campaigns during 2016 and
2017 in PACA region.
Note that between 800-1400 nm, the reflectance changes depending on the structure of the leaf. For
red varieties, the absorbance increased, but for white varieties, the opposite occurred. This is basically
due to modified leaf tissue and the stunting of plants due to the ‘Flavescence dorée” infection. The
results obtained for the Chardonnay white-berried case, were also found for Russian wheat aphid
damage in winter wheat [189]. For the Marselan red-berried case, damaged leaves reflected more
energy than the control leaves in the near infra-red wavelengths, this was also found in Russian aphid-
damaged leaves compared to healthy ones by [216].
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REFLECTANCE OF ESCA ON RED GRAPEVINE VARIETY (CABERNET SAUVIGNON) IN NOUVELLE-
AQUITAINE REGION

For the Cabernet Sauvignon samples infested by Esca from the Nouvelle-Aquitaine region, the
signatures can be depicted in Figure B.2.
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Figure B.2 Mean reflectance of Esca infected and healthy Cabernet Sauvignon grapevine leaves. Diseased and healthy
spectra are presented in red and green respectively.

Here again, the spectral reflectance of healthy leaves wasn’t similar to that of leaves affected by Esca,
particularly in the visible and near infrared regions.

The peak in the green range appearing in the visible part of the infected spectra moved towards longer
wavelengths and was reduced in intensity. In addition, the infected spectra were higher than the
infested one in the near infrared region (mainly between 800-1300 nm). However, in the infrared
regions (>1300 nm) both infested and normal spectra were very similar, indicating that the infrared
regions might not be interesting for detecting Esca in red grapevine varieties.

138



ANNEX B. ASSESSMENT OF THE POTENTIAL OF REFLECTANCE DATA FROM A VISUAL AND
STATISTICAL POINT OF VIEW

REFLECTANCE OF BN ON WHITE GRAPEVINE VARIETY (CHARDONNAY) IN BURGUNDY REGION

For the Chardonnay variety infected with BN from the Burgundy region, the signatures can be
depicted in Figure B.3.
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Figure B.3 Mean reflectance of BN infected and healthy Chardonnay grapevine leaves. Diseased and healthy spectra are
presented in red and green respectively.

Here also, the spectral reflectance of healthy leaves presented a pattern slightly different than those
affected by BN, in all parts of the spectrum.
The peak in the green area of the visible part of the infected leaf remained in position for infected

leaves. Furthermore, the healthy spectra was lower than the infested one in the visible region (mainly
between 500-700 nm), but the opposite occurred in the near infra-red region (800-1300 nm) and in

the infra-red region (>1300 nm).
REFLECTANCE OF FD vs ESCA ON RED GRAPEVINE VARIETIES (MARSELAN AND CABERNET
SAUVIGNON) IN PACA AND NOUVELLE-AQUITAINE REGIONS

When comparing the Esca disease reflectance signature on Cabernet Sauvignon leaves from
Nouvelle-Aquitaine with respect to the FD reflectance signature on Marselan leaves from PACA
region, we can say that both display the same trend along the spectrum.

139



ANNEX B. ASSESSMENT OF THE POTENTIAL OF REFLECTANCE DATA FROM A VISUAL AND STATISTICAL
POINT OF VIEW

There are very small differences in the visible part of the spectrum (Figure B.4).
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Figure B.4 Mean reflectance of Esca and FD infected and healthy Cabernet Sauvignon and Marselan grapevine leaves.
FD and Esca diseased spectra are presented in red and blue respectively.

The green peak was shifted and reduced for both diseased signatures. This indicates that the visible
region is poorly useful for discriminating both infections, this is somewhat predictable since both
infections cause a reddish discoloration on concerned leaves.

Other tiny deviations can be found between the two cases in the near infra-red and infra-red regions.

The difference between both cases is hence not significant; so even considering bands from the near
infra-red or infra-red regions might not be sufficient for distinguishing FD from Esca on red-berried

leaves.

REFLECTANCE OF FD vs BN ON WHITE GRAPEVINE VARIETY (CHARDONNAY) IN PACA AND
BURGUNDY REGIONS

When comparing the BN disease reflectance signature on Chardonnay leaves from the Burgundy
region with respect to the FD reflectance signature on Chardonnay leaves from the PACA region, we
can say that both display the same trend along the spectrum. The remarkable resemblance between
the two average spectra, particularly in the visible part of the spectrum (Figure B.5), explains why
FD and BN exhibit very similar symptoms that can’t be distinguished by the naked eye. This finding
further demonstrates that the visible spectrum isn’t suitable for FD and BN discrimination.
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Figure B.5 Mean reflectance of BN and FD infected and healthy Chardonnay grapevine leaves. FD and BN diseased
spectra are presented in red and blue respectively.

A very small difference between the two cases can be depicted in the near infra-red and infra-red
regions. The difference between both cases is hence not significant, so even considering bands from
the near infra-red or infra-red regions might not be sufficient for discriminating BN from FD on white-
berried leaves.

STATISTICAL EXAMINATION OF REFLECTANCE DATA PATTERNS

Intra-class distance was calculated as the mean disctance between each point in the cluster and the
centroid of the cluster. Inter-class disctance was calculated as the mean distance between all points in
a cluster and the centroid of the other cluster.

DISEASE DETECTION

REFLECTANCE OF FD ON RED (GRENACHE) AND WHITE GRAPEVINE VARIETIES (VERMENTINO) IN
PACA REGION

In Figure B.6 (a) is displayed the PCA analysis using only two principal components on healthy and
FD diseased Grenache leaves from PACA region.

Four PCs explain more than 95% of the variance. Intra-class distances are calculated. For the FD
diseased cluster it was found to be 0.39 and for the healthy one it was 0.84. Inter-class distance was
also calculated, we found that the distance between the FD diseased and healthy cluster is 1.16.

In Figure B.6 (b) is also displayed the PCA analysis using only two principal components on healthy
and FD diseased Vermentino leaves from PACA region.

Four PCs explain more than 95% of the variance. Intra-class distances were computed. For the
diseased FD cluster it was 0.29 and for the healthy cluster it was 0.59. The Inter-class distance was
also computed and we found that the distance between the FD Diseased cluster and the healthy cluster
is 1.99. Same tests are applied on the the two other grapevine varieties (Marselan and Chardonnay)
and we found similar results.
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The Inter-class distance was higher than the Intra-class distances by a factor of two for both cases.
This implicates that the FD disease detection using reflectance data is possible from a statistical point
of view.

!:OCA on reflectance data from Grenache leaves PB?A on reflectance data from Vermentino leaves

40

+ Diseased FD
Healthy
* Centroids

(o2}
o

+

+ Diseased FD
Healthy
* Centroids

20 F +++-t!>

&
=)
-+

20 ¢ +

(=]

-40 t +

2nd Principal Component
2nd Principal Component
+
+
+
+

[
(=}
+

-60 |

-80 * * * - * - * * * -40 * * * - - * -
-120 -100 -80 60 40 -20 0 20 40 60 80 -80 -60 -40 -20 0 20 40 60 80 100

1st Principal Component 1st Principal Component
(a) (b)

Figure B.6 PCA analysis on (a) Grenache reflectance data and (b) Vermentino reflectance data in PACA region. FD
diseased and healthy data points are presented in red and green respectively. Centroids of the two healthy and diseased
clusters are marked in black.

REFLECTANCE OF ESCA ON RED GRAPEVINE VARIETY (CABERNET SAUVIGNON) IN NOUVELLE-
AQUITAINE REGION

In Figure B.7 is displayed the PCA analysis using only two principal components on healthy and Esca
diseased Cabernet Sauvignon leaves from Nouvelle-Aquitaine region.

Five PCs explain more than 95% of the variance. Intra-class distances were found to be 0.44 for the
diseased Esca cluster and 0.15 for the healthy cluster. However, for the Inter-class distance, we found
0.81 from the Esca diseased to the healthy clusters.
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The Inter-class distance was higher than the Intra-class distances for this case. This suggests that the
Esca disease detection using reflectance data is possible from a statistical point of view.
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Figure B.7 PCA analysis on Cabernet Sauvignon reflectance data in Bordeaux region. Esca diseased and healthy data
points are presented in red and green respectively. Centroids of the two healthy and diseased clusters are marked in
black.

REFLECTANCE OF BN ON WHITE GRAPEVINE VARIETY (CHARDONNAY) IN BURGUNDY REGION
In Figure B.8 is shown the PCA analysis using only two principal components on healthy and BN

affected Chardonnay leaves in Burgundy region.

Four PCs explain more than 95% of the variance. The Intra-class distances were found to be 0.07 for
the diseased BN cluster and 0.24 for the healthy cluster. For the Inter-class distance, we found a
distance of 0.47 from the BN diseased to the healthy clusters.
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Figure B.8 PCA analysis on Chardonnay reflectance data in Burgundy region. BN diseased and healthy data points are
presented in red and green respectively. Centroids of the two healthy and diseased clusters are marked in black.
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The Inter-class distance was higher than the Intra-class distances by a factor of two for this case. This
means that the BN disease detection using reflectance data is possible from a statistical point of view.

DISEASE SEVERITY STAGE DISCRIMIATION

REFLECTANCE OF FD ON RED (GRENACHE) AND WHITE GRAPEVINE VARIETIES (CHARDONNAY) IN
PACA REGION

We can see in Figure B.9 (a).the PCA analysis using only two principal components on FD diseased
Grenache leaves with different infestation levels from PACA region.

Five PCs are used to obtain 95% of the variance. Intra-class distances were calculated. The distance
inside the FD diseased Level 1 cluster is 2.48; for the FD diseased Level 2 cluster it was 0.74. Inter-
class distance was also calculated and we foud a distance between the FD diseased Level 1 cluster to
the FD diseased Level 2 cluster equal to 0.66.

Similarly, in Figure B.9 (b) , we can find the PCA analysis using only two principal components of
FD diseased Chardonnay leaves having two infestation stages from PACA region.

Four PCs are used to obtain 95% of the variance. Here, the Intra-class distances were 0.97 and 0.92
for FD diseased Level 1 and FD diseased Level 2 clusters respectively. For the Inter-class distance,
we found a distance of 1.04 between the FD diseased Level 1 and FD diseased Level 2 clusters.

Same tests are applied on the the two other grapevine varieties (Marselan and Vermentino) and we
found similar results.

The Inter-class distance was just a bit higher than the Intra-class distances for both cases. This
suggests that the FD disease severity stage identification using reflectance data doesn’t seem quite
feasible from a statistical point of view.
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Figure B.9 PCA analysis on (a) Grenache reflectance data and (b) Chardonnay reflectance data in PACA region. FD
diseased infestation level 1 and infestation level 2 data points are presented in blue and red respectively. Centroids of the
two FD diseased severity 1 and FD diseased severity 2 clusters are marked in black.
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REFLECTANCE OF ESCA ON RED GRAPEVINE VARIETY (CABERNET SAUVIGNON) IN NOUVELLE-
AQUITAINE REGION

In Figure B.10, we can see the PCA analysis using only two principal components of Cabernet
Sauvignon leaves affected by two levels of Esca in Nouvelle-Aquitaine region.

Five PCs are used to obtain 95% of the variance. For Intra-class distances, we obtained a distance
inside the Esca diseased Level 1 cluster of 0.71; for the Esca diseased Level 2 cluster, it was 0.78.
The Inter-class distance obtained between the Esca diseased Level 1 and the Esca diseased Level 2
was 1.01.

The Inter-class distance was just a little bit higher than the Intra-class distances. This means that the
Esca disease severity stage identification using reflectance data doesn’t seem completely possible
from a statistical point of view.
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Figure B.10 PCA analysis on Cabernet Sauvignon reflectance data in Bordeaux region. Esca diseased infestation level
1 and infestation level 2 data points are presented in blue and red respectively. Centroids of the two Esca diseased
severity 1 and Esca diseased severity 2 clusters are marked in black.

REFLECTANCE OF BN ON WHITE GRAPEVINE VARIETY (CHARDONNAY) IN BURGUNDY REGION

Figure B.11 displays the PCA analysis using only two principal components on Chardonnay leaves
affected by two stages of BN in Burgundy region.

Four PCs are needed to explain 95% of the variance. The Intra-class distances obtained for each
cluster were 0.26 and 0.32 for BN diseased Level 1 and BN diseased Level 2, respectively. Inter-class
distance on the other hand was obtained from the BN diseased BN Level 1 and the BN Diseased Level
two clusters and was equal to 0.42.

The Inter-class distance was just slightly higher than the Intra-class distances. This implies that the
BN disease severity stage identification using reflectance data sdoesn’t seem entirely feasible from a
statistical point of view.
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Figure B.11 PCA analysis on Chardonnay reflectance data in Burgundy region. BN diseased infestation level 1 and
infestation level 2 data points are presented in blue and red respectively. Centroids of the two BN diseased severity 1
and BN diseased severity 2 clusters are marked in black.

DISEASE DISCRIMINATION

REFLECTANCE OF FD vs ESCA ON RED GRAPEVINE VARIETIES (MARSELAN AND CABERNET
SAUVIGNON) IN PACA AND NOUVELLE-AQUITAINE REGIONS

In Figure B.12 we can find the PCA analysis using only two principal components of Marselan (from
PACA region) vs Cabernet Sauvignon (from Nouvelle-Aquitaine region) leaves affected by FD and
Esca respectively.

Five PCs are used to explain 95% of the variance. The cluster of FD diseased samples had and intra-
class distance of 0.45, the cluster of Esca diseased cluster had on the other hand an intra-class distance
of 0.24. The Inter-class between the FD diseased and Esca diseased clusters is 0.44.
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Figure B.12 PCA analysis on Marselan and Cabernet Sauvignon reflectance data in PACA and Bordeaux regions. FD
diseased and Esca diseased data points are presented in blue and red respectively. Centroids of the two FD diseased and
Esca diseased clusters are marked in black.
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The Inter-class distance was very similar to the Intra-class distances. This indicates that the
discrimination between FD and Esca diseases using reflectance data only seems difficult from a
statistical point of view.

REFLECTANCE OF FD vs BN ON WHITE GRAPEVINE VARIETY (CHARDONNAY) IN PACA AND
BURGUNDY REGIONS

Figure B.13 demonstrated the PCA analysis using only two principal components of Chardonnay
leaves affected by FD and BN from PACA and Burgundy regions respectively.

Three PCs are necessary to explain 95% of the variance. The Intra-class distance of the FD diseased
cluster was found to be 0.19; the same distance for the BN diseased cluster was found to be 0.04. The
Inter-class distance between the FD diseased and BN diseased clusters was calculated and was equal
to 0.19.

The Inter-class distance was very similar to the Intra-class distances. This indicates that the
discrimination between FD and BN diseases using reflectance data only seems complicated from a
statistical point of view.
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Figure B.13 PCA analysis on Chardonnay reflectance data in PACA and Burgundy regions. FD diseased and BN
diseased data points are presented in blue and red respectively. Centroids of the two FD diseased and BN diseased
clusters are marked in black.
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ANNEX C
C. ANALYSIS OF COMPLETE REFLECTANCE DATA

Here, complete reflectance data are considered (400-2400 nm) in the analysis; this means that no
dimension reduction method is applied.

APPLICATION TO PACA 2016 DATA

Table C.1 Results of using complete spectra in classifying different groups of spectral data acquired in the August
acquisition campaign (Severity of infestation = 1).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC

Marselan 70.97 27.27 30.00 0.82
Grenache 90.63 7.14 11.11 0.73
Vermentino 93.75 6.67 5.88 0.93
Chardonnay 90.63 12.50 6.25 0.95
Red 87.30 7.69 16.22 0.96
White 92.19 9.38 6.25 0.93
All 88.19 13.85 9.68 0.95

Table C.2 Results of using complete spectra in classifying different groups of spectral data acquired in the September
acquisition campaign (Severity of infestation = 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC

Marselan 94.79 4.35 6.00 0.99
Grenache 95.06 2.38 7.69 0.97
Vermentino 98.18 3.23 0.00 0.96
Chardonnay 97.73 3.85 0.00 0.96
Red 96.61 2.22 4.60 0.99
White 98.99 1.75 0.00 0.93
All 96.01 2.08 6.06 0.99

Table C.3 Results of using complete spectra in classifying different groups of spectral data acquired in the August
and September acquisition campaigns (Severity of infestation = 1 & 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC

Marselan 92.91 9.23 4.84 0.98
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Grenache 96.77 1.72 4.55 0.89
Vermentino 96.55 2.22 4.76 0.97
Chardonnay 97.37 4.65 0.00 0.97

Red 96.41 3.28 3.88 0.99
White 95.09 5.56 411 0.93
All 95.65 1.98 6.60 0.99

APPLICATION TO NOUVELLE-AQUITAINE 2017 DATA

Table C.4 Results of using complete spectra in classifying different groups of reflectance data acquired in the July
acquisition campaign (Severity of infestation = 1).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC

Cabernet-Sauvignon 89.39 7.69 125 0.98

Table C.5 Results of using complete spectra in classifying different groups of reflectance data acquired in the
September acquisition campaign (Severity of infestation = 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC

Cabernet-Sauvignon 94.44 8.51 2.33 0.98

Table C.6 Results of using complete spectra in classifying different groups of reflectance data acquired in the July
and September acquisition campaigns (Severity of infestation = 1 & 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC

Cabernet-Sauvignon 96.79 5.19 1.27 0.99

APPLICATION TO BURGUNDY 2017 DATA

Table C.7 Results of using complete spectra in classifying different groups of reflectance data acquired in the August
acquisition campaign (Severity of infestation = 1).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC

Chardonnay 97.77 4.35 0.00 0.99

Table C.8 Results of using complete spectra in classifying different groups of reflectance data acquired in the
September acquisition campaign (Severity of infestation = 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC

Chardonnay 99.17 1.67 0.00 0.99
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Table C.9 Results of using complete spectra in classifying different groups of reflectance data acquired in the August
and September acquisition campaigns (Severity of infestation = 1 & 2).

Grapevine Variety = Accuracy (%) FNR (%) FPR (%) AUC

Chardonnay 98.57 1.90 0.95 0.99

From the previous, we can say that the FD detection on red (Marselan, Grenache) and white-berried
(Vermentino, Grenache) grapvines in the PACA, the Esca detection on red Cabernet-Sauvignon
grapevines in Nouvelle-Aquitaine and the BN detection on white Chardonnay grapevines in
Burgundy with the use of complete spectra gave good results (accuracy>71%).

The results were in general better for a higher severity stage of the disease (stage 2). When levels of
infestation are combined, the accuracy is somewhere in the middle between accuracies obtained from
the first and second stages. We also noted that the classification models based on using complete
reflectance data and obtained from white grapevines measurements exhibited relatively higher
accuracy than red grapevines measurements. The last observation is that the classification models for
Esca and BN detection had similar accuracies than FD detection on same colored grapevines.

Eventhough the results are good, however this technique is not acceptable because we have a
dimensionality issue.
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ANNEX D
D. BEST SVISDETAILED CALCULATION

APPLICATION TO PACA DATA FROM 2016

Table D.1 Detailed classification results of SVIs in classifying different groups of reflectance data acquired in the August
acquisition campaign (Severity of infestation = 1).

Grapevine Variety SVIs | Accuracy (%) FNR (%) FPR (%) AUC

Marselan ARI 90.32 11.11 7.69 0.94
Grenache ARI 96.88 0.00 6.25 1.00
Vermentino GM1 90.63 11.11 7.14 0.96
Chardonnay GM1 87.50 11.76 13.33 0.90
Red ARI 95.24 5.88 3.45 0.99
White GM1 90.63 8.82 6.67 0.95
All mCAl 88.98 14.71 11.86 0.88

Table D.2 Detailed classification results of SVIs in classifying different groups of reflectance data acquired in the
September acquisition campaign (Severity of infestation = 2).

Grapevine Variety = SVIs | Accuracy (%) FNR (%) FPR (%) AUC

Marselan ARI 96.88 4.00 217 0.98
Grenache ARI 97.53 2.70 2.27 0.99
Vermentino GM1 94.55 7.69 3.45 0.95
Chardonnay GM1 97.73 0.00 3.85 0.94
Red ARI 98.31 2.33 1.10 0.99
White GM1 98.99 0.00 1.75 0.97
All mCAl 94.20 7.52 2.80 0.95

Table D.3 Detailed classification results of SVIs in classifying different groups of reflectance data acquired in the August
and the September acquisition campaigns (Severity of infestation = 1 & 2).

Grapevine Variety  SVIs | Accuracy (%) FNR (%) FPR (%) AUC
Marselan ARI 93.70 8.70 3.45 0.98

Grenache ARI 91.13 13.70 1.96 0.97
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Vermentino GM1 95.40 6.98 2.27 0.97
Chardonnay GM1 92.11 10.81 5.13 0.95
Red ARI 93.23 11.19 0.93 0.98
White GM1 93.87 9.88 2.44 0.96
All mCAl 88.41 16.96 5.98 0.91

APPLICATION TO NOUVELLE-AQUITAINE DATA FROM 2017

Table D.4 Detailed classification results of SVIs in classifying different groups of reflectance data acquired in the July
acquisition campaign (Severity of infestation = 1)

Grapevine variety SVis Accuracy (%) AUC
Cabernet Sauvignon ARI 98.48 0.99

Table D.5 Detailed classification results of SVIs in classifying different groups of reflectance data acquired in the
September acquisition campaign (Severity of infestation = 2)

Grapevine variety SVls Accuracy (%) AUC
Cabernet Sauvignon ARI 98.89 0.98

Table D.6 Detailed classification results of SVIs in classifying different groups of reflectance data acquired in the July
and the September acquisition campaigns (Severity of infestation = 1 & 2)

Grapevine variety SVls Accuracy (%) AUC
Cabernet Sauvignon ARI 93.46 0.67

APPLICATION TO BURGUNDY DATA FROM 2017

Table D.7 Detailed classification results of SVIs in classifying different groups of reflectance data acquired in the August
acquisition campaigns (Severity of infestation = 1).

Grapevine variety SVis Accuracy (%) AUC
Chardonnay GM1 97.78 0.99

Table D.8 Detailed classification results of SVIs in classifying different groups of reflectance data acquired in the
September acquisition campaigns (Severity of infestation = 2).

Grapevine variety SVls Accuracy (%) AUC
GM1 95.83 0.96

Table D.9 Detailed classification results of SVIs in classifying different groups of reflectance data acquired in the August
and the September acquisition campaigns (Severity of infestation = 1 & 2).

Grapevine variety SVls Accuracy (%) AUC
Chardonnay GM1 93.76 0.95
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ANNEX E

E. BEST TEXTURE PARAMETER DETAILED
CALCULATION

APPLICATION TO PACA 2017 DATA

Table E.1 Results of using texture features in the Lab color space acquired in the August acquisition campaign (Severity
of infestation = 1). Each texture technique is considered solely and a concatenation of some of them is also presented.

Texture technique Grapevine variety =~ Accuracy (%) AUC
Frac Marselan 96.97 1.00
Grenache 96.77 0.98

Vermentino 86.67 0.91

Chardonnay 87.50 0.95

Red 98.43 0.99

White 90.32 0.93

All 82.54 0.89

Table E.2 Results of using texture features in the Lab color space acquired in the September acquisition campaign
(Severity of infestation = 2). Each texture technique is considered solely and a concatenation of some of them is also
presented.

Texture Grapevine variety | Accuracy (%) AUC

technique

Frac Marselan 97.06 1.00
Grenache 100 1.00
Vermentino 81.256 0.91
Chardonnay 96.67 0.99
Red 98.48 1.00
White 93.55 0.99
All 96.09 0.99
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Table E.3 Results of using texture features in the Lab color space acquired in the August and the September acquisition
campaigns (Severity of infestation = 1 & 2). Each texture technique is considered solely and a concatenation of some of
them is also presented.

Texture technique = Grapevine variety = Accuracy (%) AUC

Frac Marselan 86.59 0.89
Grenache 94.56 0.99
Vermentino 77.42 0.86
Chardonnay 73.91 0.79
Red 76.19 0.86
White 77.92 0.82
All 87.75 0.91

Table E.4 Classification results from texture features in PACA after feature selection using the Lab color space. Each
texture technique is considered solely and a concatenation of some of them is also presented (multi-class approach)

Texture technique = Grapevine variety = Accuracy (%) @ AUC

Frac Marselan 95.69 0.972
Grenache 79.79 0.88
Vermentino 78.35 0.76
Chardonnay 71.91 0.84
Red 83.56 0.92
White 71.90 0.73
All 72.02 0.73

APPLICATION TO NOUVELLE-AQUITAINE 2017 DATA

Table E.5 Results of using texture features in the Lab color space acquired in the July acquisition campaign (Severity of
infestation = 1). Each texture technique is considered solely and a concatenation of some of them is also presented.

Texture technique = Accuracy (%) AUC

Frac 100.00 1.00
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Table E.6 Results of using texture features in the Lab color space acquired in the September acquisition campaign
(Severity of infestation = 2). Each texture technique is considered solely and a concatenation of some of them is also
presented.

Texture technique = Accuracy (%) @ AUC

Frac 100.00 1.00

Table E.7 Results of using texture features in the Lab color space acquired in the July and the September acquisition
campaigns (Severity of infestation = 1 & 2). Each texture technique is considered solely and a concatenation of some of
them is also presented.

Texture technique = Accuracy (%) AUC

Frac 100.00 1.00

Table E.8 Classification results from texture features in Nouvelle-Aquitaine after feature selection using the Lab color
space. Each texture technique is considered solely and a concatenation of some of them is also presented (multi-class
approach)

Texture technique | Accuracy (%) AUC

Frac 94.75 0.98

APPLICATION TO BURGUNDY 2017 DATA

Table E.9 Results of using texture features in the Lab color space acquired in the August acquisition campaign (Severity
of infestation = 1). Each texture technique is considered solely and a concatenation of some of them is also presented.

Texture technique Accuracy (%) AUC

Frac 100.00 1.00

Table E.10 Results of using texture features in the Lab color space acquired in the September acquisition campaign
(Severity of infestation = 2). Each texture technique is considered solely and a concatenation of some of them is also
presented.

Texture technique Accuracy (%) @ AUC

Frac 100.00 1.00

Table E.11 Results of using texture features in the Lab color space acquired in the August and the September acquisition
campaigns (Severity of infestation = 1 & 2). Each texture technique is considered solely and a concatenation of some of
them is also presented.

Texture technique  Accuracy (%) = AUC

Frac 95.71 0.97

155



ANNEX E. BEST TEXTURE PARAMETER DETAILED CALCULATION

Table E.12 Classification results from texture features in Burgundy after feature selection using the Lab color space. Each
texture technique is considered solely and a concatenation of some of them is also presented (multi-class approach)

Texture technique Accuracy (%) AUC

Frac 73.82 0.88

APPLICATION TO PACA vS NOUVELLE-AQUITAINE 2017 DATA

Table E.13 Results of using texture features in the Lab color space acquired in the August and the September acquisition
campaigns (Severity of infestation = 1 & 2). Each texture technique is considered solely and a concatenation of some of
them is also presented.

Texture technique = Accuracy (%) @ AUC

Frac 92.34 0.96

APPLICATION TO PACA vs BURGUNDY 2017 DATA

Table E.14 Results of using texture features in the Lab color space acquired in the August and the September acquisition
campaigns (Severity of infestation = 1 & 2). Each texture technique is considered solely and a concatenation of some of
them is also presented.

Texture technique Accuracy (%) @ AUC

Frac 75.78 0.94
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ANNEX F
F. MS SENSOR PROTOTYPE

PRESENTATION

The aim of the following part is to show the potential product of the work. Afterall, the DAMAV
project is a FUI project based on applied research. This kind of projects develop new products and
services that could be commericialized in the short or medium term.

A preliminary uniptimized MS test sensor (Figure F.1) was prepared. We have chosen four IDS
identical cameras UI-3370CP-M-GL and assembled them to create a unique and constrained block.
The cameras were CMOS monochrome, with a resolution of 4.19 Mpx and a pixel size of 5.5 pm.
The resolution chosen is very close to that defined by the Global sensing technologies Company,
responsible of the MS sensor design at the beginning of the DAMAYV project. The four cameras were
equipped with Fujinon CF16HA-1/F1.4/16mm lens.

Figure F.1 Designed MS test sensor consisting of four identical IDS cameras equipped with 16 mm lens and four
different filters {530, 63, 740, 810 nm} chosen for FD disease detection.

The geometric deformation of this type of focal length is relatively important, imposing mandatory
corrections. An example of four filters are mounted on the four cameras, they are midopt narrow band
filters (with narrow bandwidth): NB-532 {525-550 nm}, NB-630 {625-645 nm}, NB-740 {730-755
nm}, NB-810 {798-820 nm}. These are chosen only for clarification purpose and to show how things
could be done in practical.

The quantum efficiency is the ratio of the number of photoelectrons released by a photoelectric
process to the number of incident photons absorbed. For the set of four filters used in this example,
the quantum efficiency is given in Figure F.2.
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We have used a multi-processing technique in order to collect the flux relative to each of the four
cameras. A program was implemented to visualize the four cameras independently one from another
but at a common instant t, MS images can hence be acquired from the four sensors and stored in
memory.
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Figure F.2 Quantum efficiency of the four selected filters in the case of FD disease.
The spectral bands considered don’t present any or little overlapping. We should also consider while
choosing the filters if the desired wavelengths is in the center of the spectral band covered by the
sensor. If this is not the case, this means that some of the information will be lost.

GEOMETRIC CORRECTIONS

Two kinds of sensor corrections have to be considered. The first one involves the effect of vignetting
and the second one covers the lens distortion, which is generally the most relevant.

The vignetting effect is a radial falloff in illumination strength which, appears as a shadowing
increasing towards the image periphery. It is due to an occlusion of the detector plane [217]. This
wasn’t present in our case so no correction was needed.

The lens distortion ([218], [219] ) is produced by a non-uniform magnification across the lens surface;
measurements are radially shifted in consequence. Furthermore, lens distortion can also be generated
by a misalignment between the lens and the detector plane; measurements in that case undergo a
planar shift. The Brown-Conrady lens distortion model can compensate the effects of both uneven
magnification and lens/detector plane misalignment. The model, however, requires the calculation of
sensor specific intrinsic and extrinsic coefficients. A common approach for the calculation of these
coefficients is through the use of calibration panels; these are typically planar grids of known
geometric properties. For each camera, the lens distortion model is constructed using the extracted
coefficients. Once the four models are found, corresponding MS images are corrected.

RADIOMETRIC CORRECTIONS

Remotely sensed data are affected by environmental conditions, which include atmospheric
conditions, surface conditions and illumination changes [220]. In most cases, only temporal change
in light, matters and radiometric calibration is performed to provide consistency in images taken under
variable environmental conditions. The empirical line method is the most used approach to
radiometric correction. A relationship is assumed to exist between the collected digital numbers
measurements from the MS sensor and the reflectance of the surface of the imaged object [221]. For
this purpose, a set of targets are used and known as pseudo invariant features. The method requires
taking at least measurements at two conditions one light and another one dark. A color chart
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containing 24 regions is used as pseudo invariant features in our case; it is a spectrally homogeneous
surface, invariant with environmental conditions. The at-surface reflectance measurements from each
region of the pseudo invariant features were registered using the FieldSpec3 Portable Spectrometer
and the contact probe. Then, MS images and radiance of the incident light (acquired using the
Photosynthetically Active Radiation sensor) are taken under different illumination conditions. For
each illumination condition, the relationship between the digital numbers measurements recorded
within the imagery and the at-surface reflectance acquired from measurements, are calculated and a
linear relationship is derived for each band. The slope and the offset of each line obtained are clearly
incident light-dependent. Two linear relationships were used to calculate both the slope and the offset,
as function of the intensity of the incident light. Once the equations are concatenated, a final linear
relationship is found between the digital numbers and the at-surface reflectance. An example of what
we obtained is displayed in Figure F.3. The final relationships between real reflectance and predicted
reflectance by the four sensors, indicating the reliability of each one of them are detailed; R-squared
corresponding to each camera are also presented, it is a statistical measure of how close the data are
to the fitted regression line. Once these equations are established, MS images can be converted to at-
surface reflectance.

Filter 810 nm gave the worst result, since we were limited in terms of the lens opening and many
images were dark. The dispersion that we obtained for each filter can be reduced if the encoding of
the data could be done more finely. In fact, the digital numbers in the MS images were encoded on
only 8 bits, giving intensities between 0 and 255. However, this will be taken into consideration in
the enhanced MS sensor version.
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Figure F.3 Graphs presenting the regression line between the real and the predicted reflectance of the four sensors. (a),
(b), (c), (d), correspond respectively to cameras equipped with 530,630, 740, 810 filters, respectively.

IMAGE REGISTRATION

Image registration is the process of aligning multiple images of the same scene, taken at slightly
different times or from different viewpoints or by different sensors into a single integrated image. In
our study, the same scene is taken with a little difference in viewpoints. The registration geometrically
overlays two images, the sensed image undergoes geometric transformations or local displacements
to fit the reference or fixed image. The majority of the registration methods consist of the following
four steps [222]: feature detection where characteristic objects are selected; feature matching, here,
features found in the sensed image are matched to those from the reference image; transform model
estimation which consists on estimating the parameters capable of overlaying the sensed and the
reference images; image transformation, which means that the sensed image is transformed via the
estimated mapping functions. In our work, we calculated the image registration based on a similarity
transformation model, it is a non-reflective similarity transformation, consisting of translation,
rotation, and scale. After geometrically and radiometrically calibrating the images, images are
registered and the superimposed set can be used for further processing. Figure F.4 presents the
superimposition of an example set of four MS images corresponding to the same scene and acquired
by the four sensors.
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530 vs 810

740 vs 630 810 vs 630

Figure F.4 Image registration on corrected images presented as superimposed pairs.

Similar geometric and radiometric corrections approaches need to be conducted on the optimized MS
sensor that will be conceived by GST. Other corrections will definitely be needed when moving from
the leaf scale to the grapevine or the whole field scale. Moreover, the simple registration algorithm
worked for our current images that include 2D structures (leaves) taken at different points of view by
the four cameras but another more sophisticated algorithm will definitely be needed when dealing
with images containing 3D structures such as grapevines in the field.
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