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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 deta