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Abstract 

Crowdsourcing is an approach consisting in answering a question defined by an organisation 

(research laboratory, company, etc.) by relying on the collective intelligence of a community of 

contributors. To date, crowdsourcing is not widely spread in agriculture, but it has great potential 

for collecting georeferenced observations to monitor phenomena at regional scale (e.g. diseases, 

pests or abiotic stresses monitoring). These crowdsourcing projects in agriculture have specificities 

in terms of participants (professional contributors, importance of the role of advisors), studied 

phenomena (with strong spatial and temporal covariances) and datasets collected (asynchronous 

and heterotopic) that have led some authors to coin the concept of farmsourcing to describe 

them. These specificities of farmsourcing projects influence the design of the projects and the 

involvement of the different stakeholders. They also influence the criteria and indicators for 

evaluating the success of such projects. Finally, they influence the methods for identifying outliers 

and surprising observations in corresponding datasets. To date, there is no existing approach 

taking into account the specificities of farmsourcing projects. The objective of this thesis is to 

propose tools and methods to develop a farmsourcing approach in both the design and the 

evaluation of the project (How to foster the contribution of participants? How to evaluate the 

success of a project?) and then in the characterisation of the quality of the resulting observations 

(How to identify outliers and surprising observations? How can these approaches be automated?) 

The thesis is based on a systemic approach with the implementation of a case study. This case 

study is the monitoring of the vine water status at regional scale using i) an indicator (iG-Apex) 

based on observations of vine shoot growth and ii) the development of a dedicated farmsourcing 

application (ApeX-Vigne).  

Firstly, the work demonstrated the value of a simple but noisy approach, such as the one based 

iG-Apex, for characterising an agronomic variable of interest (in this case, the vine water status) 

at the field and intra-field levels in a decision support context. They demonstrated how an 

approach like this could be used to promote participation in farmsourcing projects. The work 

carried out explored the technological and methodological choices for designing and deploying on 

a large scale a mobile application promoting the gathering of georeferenced farmsourcing 

observations. It also proposed a simple approach based on the study of spatial structure to assess 

the capacity of these projects to provide relevant information at the regional scale. Finally, the 

work carried out explored an approach for automatically identifying outliers and surprising 

observations in farmsourcing datasets. This approach is based on density-based clustering methods 

taking into account spatial, temporal and attribute characteristics of observations. 

In the coming years, this work should enable the development of farmsourcing tools and projects 

giving access to new sources of information for decision support at different spatial scales.   
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Résumé 

Le crowdsourcing est une approche qui consiste à répondre à une question définie par une 

organisation (laboratoire de recherche, entreprise, etc.) en s’appuyant sur l’intelligence collective 

d’une communauté de contributeurs. En agriculture, le crowdsourcing est pour l’instant peu 

développé mais il présente un intérêt potentiel fort pour la collecte d’observations géolocalisées 

permettant un suivi de phénomènes à l’échelle régionale (ex : suivi des maladies, des ravageurs ou 

des stress abiotiques). Ces projets de crowdsourcing en agriculture possèdent de spécificités au 

niveau des participants (contributeurs professionnels, importance du rôle des conseillers), des 

phénomènes étudiés (fortes covariances spatiale et temporelle) et des jeux de données collectées 

(asynchrones et hétérotopes) qui ont poussé certains auteurs à définir le concept de farmsourcing 

pour les décrire. Ces spécificités des projets de farmsourcing influent sur la conception des projets 

et sur l’implication des différents acteurs. Elles influent également sur les critères et les indicateurs 

qui permettent d’évaluer la réussite de tels projets. Enfin, elles influent sur les méthodes qui 

peuvent être mises en œuvre pour identifier les observations aberrantes et surprenantes dans les 

données issues de ces projets. Aujourd’hui, il n’existe pas d’approches qui prennent en compte ces 

différents aspects en considérant les spécificités des projets de farmsourcing. L’objectif de cette 

thèse est de proposer des outils et des méthodes pour développer une approche de farmsourcing 

à la fois dans la conception et l’évaluation du projet (Comment favoriser la contribution des 

participants ? Comment évaluer la réussite d’un projet ?) puis dans la caractérisation de la qualité 

des observations qui en sont issues (Comment identifier les données aberrantes et surprenants ? 

Comment automatiser ces approches ?). La thèse s’appuie sur une démarche systémique avec la 

mise en place d’un cas d’étude. Ce cas d’étude est le suivi de l’état hydrique de la vigne à l’échelle 

régionale à l’aide i) d’un indicateur (iG-Apex) basé sur des observations de la croissance végétative 

et ii) du développement d’une application de farmsourcing dédiée (ApeX-Vigne).  

Dans un premier temps, les travaux ont permis de démontrer l’intérêt d’une approche simple mais 

bruitée, comme celle basée sur iG-Apex, pour caractériser une grandeur agronomique d’intérêt (ici 

l’état hydrique de la vigne) à l’échelle parcellaire et intra-parcellaire dans un contexte d’aide à la 

décision. Ils ont permis de démontrer comment une approche comme celle-ci pouvait être utilisée 

comme un levier pour favoriser la participation à des projets de farmsourcing. Les travaux menés 

ont ensuite exploré les choix technologiques et méthodologiques permettant de concevoir et de 

déployer à large échelle une application mobile favorisant la collecte d’observation de farmsourcing 

géolocalisées. Ils ont également permis de proposer une approche simple basée sur l’étude de la 

structure spatiale pour évaluer la capacité de ces projets à fournir une information pertinente à 

l’échelle régionale. Enfin, les travaux menés ont permis d’explorer une approche pour identifier de 

manière automatique les observations aberrantes et surprenantes dans des jeux de données de 

farmsourcing. Cette approche repose sur la prise en compte des caractéristiques spatiales, 

temporelles et attributaires des observations à l’aide d’approches automatiques basées sur leur 

densité. 

Ces travaux méthodologiques devraient permettre le développement dans les années à venir de 

projets et d’outils de farmsourcing donnant accès à de nouvelles sources d’information pour l’aide 

à la décision à différentes échelles spatiales.  
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Chapter 1: Introduction 

1.1 Collective approaches for answering complex challenges in 

agriculture 

Agriculture is in transition. It is currently facing complex and sometimes conflicting challenges. 

How to produce healthy and abundant food at affordable prices while paying farmers with dignity? 

How to farm in a climate where average temperatures are 1, even 2 or 3 degrees higher than they 

were at the end of the last century and where extreme weather events are more frequent? How 

to limit the consumption of fossil energy and the production of greenhouse gases? How to take 

advantage of the opportunities offered by digital tools to better observe and better understand 

the living world? To answer these complex questions, agriculture has undertaken agro-ecological, 

climate, energy and digital transitions. Every agricultural stakeholder is involved in these 

transitions, from farmers and their advisors to researchers and policymakers. 

Farmers are facing these challenges in their daily work. They experiment, alone or in groups, with 

solutions to address them. They share information with peers (e.g. 

http://www.agricool.net/forum/) by organising themselves collectively to share their results and 

compare them with those obtained in similar contexts (Slimi et al. 2021). Public policies support 

these collective projects, which are seen as a way for agriculture to succeed in its transition (e.g. 

https://collectifs-agroecologie.fr/). Tools and services are being developed to help farmers to 

objectify their observations, to analyse their results and to share their conclusions (e.g. 

https://landfiles.com/). This transition also raises fundamental research questions requiring the 

production of knowledge. The scientific community is studying this transition in all its dimensions, 

whether agronomic (Garcia et al. 2018), technological (Bellon-Maurel and Huyghe 2017) or socio-

economic (Hu 2020), etc. The challenge for the scientific community is to produce knowledge 

that can answer both the global challenge of transition and the very local problems of its 

implementation. In some cases, the scientific community produces fundamental knowledge that is 

appropriated by agriculture stakeholders (Montes de Oca Munguia et al. 2021). In other cases, it 

studies innovations created by these stakeholders and tries to understand and formalize the 

underlying mechanisms (Salembier et al. 2020). Research projects bringing together researchers 

and stakeholders with different points of view in the same group seem particularly well suited to 

the emergence of new knowledge that can support agriculture in its transition (Moneyron et al. 

2017). 

The project led by Van Etten, Beza, et al. (2019) is emblematic of this approach of bringing 

together a collective of farmers and researchers to produce knowledge on complex issues. These 

authors have proposed a research approach for comparing several seed varieties by involving many 

farmers. To do so, farmers are given a random subset of three varieties to grow under their own 

conditions. They make observations and rank the varieties according to their performance. The 

observations are shared into a large dataset. This dataset is used to generate knowledge about 

the adaptation of the tested varieties to different soil and climatic conditions. Finally, results are 

presented and discussed between researchers and farmers during feedback workshops. This 

approach helps researchers to collect a large number of observations on experiments carried out 

in real conditions that they would not have been able to collect by other means. It also helps 

http://www.agricool.net/forum/
https://collectifs-agroecologie.fr/
https://landfiles.com/
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farmers to access knowledge by getting involved in the experimentation and by exchanging 

information with peers and scientists. This approach helps agriculture in its transition by 

generating useful knowledge for dealing with the complex issues it faces (Van Etten, de Sousa, et 

al. 2019). The work carried out by Van Etten, Beza, et al. (2019) focused on seeds, but these 

authors have set up a platform (https://climmob.net/blog/) offering software and methodological 

tools to duplicate this methodology to other use cases. Even if there have been no reports of this 

methodology being tested in a systematic study of technical innovations or being applied to 

complete farming systems, it offers exciting opportunities to collectively generate knowledge and 

support agriculture in its transition. This approach, based on information collected by the crowd, 

is called crowdsourcing. This thesis falls within this approach and is adopting crowdsourcing 

methods to the perspective of crop monitoring for decision support.  

The aim of this chapter is to define crowdsourcing and to describe concepts and issues associated 

with it in order to position the work of this thesis in relation to existing work and to identify the 

scientific issues and their originality. This chapter first describes the general concepts of 

crowdsourcing and the specificities of the projects that will be studied (1.2). It presents how these 

specificities can influence the success of these projects (1.3). Finally, it describes the scientific 

questions arising, the approaches used to answer them and the corresponding organisation of the 

manuscript (1.4). 

1.2 From crowdsourcing to farmsourcing of spatial observations: 

definitions and concepts 

1.2.1 Definition of crowdsourcing  

Crowdsourcing emerged in the 2000s, facilitated by the expansion of internet access. It is based 

on the concept of the wisdom of crowds defined by Surowiecki (2005), which states that a crowd 

of individuals is capable of making better decisions and predictions than the individuals who 

compose it. A few years later, Brabham (2008) offered a use case analysis based on early projects 

and an introduction to the concept of crowdsourcing. According to Brabham (2008), 

crowdsourcing is an approach consisting in answering a question by relying on the collective 

intelligence of a community of contributors. Zhao and Zhu (2014) identified three components in 

these projects: i) the organisation (a research laboratory, a company, etc.) that defines the 

question to be addressed, ii) the participants (neophyte, interested amateur, expert 

amateur/professional, expert authorities or unaware volunteer (Bordogna et al. 2014) who 

contribute by providing part of the answer to the investigated problem, and iii) the platform that 

provides the infrastructure (often using digital tools) to help the organisation to collect 

contributions. Depending on the project, the platform may be managed by the organisation itself 

or by a third party.  

In crowdsourcing projects, the organisation first formalises the question to be addressed and then 

defines unitary tasks to be carried out by the participants to answer this question (Figure 1). The 

role of the platform is to create the conditions (technical, logistical, financial, etc.) for participants 

to want to contribute and to be able to perform these tasks. The participants then contribute to 

the platform, which sends the collected data to the organisation. Finally, the organisation sets up 

https://climmob.net/blog/
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a data validation procedure and rewards the participants for their contribution. Depending on the 

project, the reward can be financial but it can also take many other forms (see section 1.2.2). 

 

Figure 1: Sequence diagram of the different components involved in a crowdsourcing project 

(adapted from Zhao and Zhu, 2014) 

1.2.2 Success factors of crowdsourcing projects 

A crowdsourcing project is considered successful if participants' contributions help to answer the 

question asked by the organisation. This success depends on many factors. Rechenberger et al. 

(2015) identified 41 of them and described the positive or negative interactions between them. 

Figure 2 presents a summary version of this research work in which the main factors are 

represented. A successful crowdsourcing project must i) be carried out in a secure environment, 

ii) generate a large number of contributions and iii) set up strategies to ensure that contributions 

are of good quality. The following sections explain and describe the corresponding success factors. 

 

Figure 2: Factors influencing the success of a crowdsourcing project (adapted from Rechenberger 

et al. 2015).  
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 Security 

A crowdsourcing project must be carried out in a climate of security (Rechenberger et al. 2015). 

This encompasses both i) financial security ensuring that the project has the necessary financial 

resources to operate (Ebitu et al. 2021), ii) contractual security ensuring that ownership and 

access to data is clearly defined and in accordance with applicable laws (Ryan et al. 2018) and 

iii) digital security ensuring that hardware and software infrastructures are correctly constructed 

and ready to face possible external attacks (Yan et al. 2017).  

 Quantity of contributions 

A crowdsourcing project must be able to collect a significant number of contributions 

(Rechenberger et al. 2015). This number of contributions depends on four major success factors: 

Success factor 1: Platform maturity (MATURITY) 

The older the platform that supports participation, the more likely participants are to contribute 

(Walter and Back 2011). Participants prefer to contribute on platforms and projects that they 

are familiar with, i.e. that have been around for some time and that are mature. 

Success factor 2: Value and ease of use (VALUE) 

The easier the platform is to use, the more likely participants are to contribute (Rechenberger et 

al. 2015). This ease of use depends on the one hand on how ergonomic the platform is and on 

the other hand on the functions it offers to participants.  Asingizwe et al. (2019) showed that 

designing a crowdsourcing platform using co-design methods greatly enhances its ergonomic 

nature. According to these authors, co-design methods allow for the involvement of participants 

at a very early stage in the design of the platform. This offers them the opportunity to give their 

opinion on how ergonomic the platform is, which afterwards favours their appropriation and 

ownership of it. As a consequence, they contribute more readily (Nguyen et al. 2017). 

Success factor 3: Motivation (MOTIVATION) 

- Participants must be motivated to ensure a high number of contributions are made. The 

motivation of participants is certainly the participation factor that has been most studied 

in the literature. Batson et al. (2002) have proposed a framework that identifies four types 

of motivations for contributors. These are summarised in table 1 where they are presented 

in no order of importance.  

- Egoism: Participants get involved to serve their own interest. The collective project is an 

unintended consequence or a means to serve this interest. Within this type of motivation, 

it is possible to distinguish between intrinsic motivations that are satisfied simply by the 

fact of contributing (e.g. having fun) and extrinsic motivations for which the 

accomplishment of the task is only an indirect means to achieve the real objective (e.g. 

obtaining money, information, recognition, etc.) (Kaufmann et al. 2011). 

- Altruism: Participants get involved to answer to the interest of others for whom they feel 

empathy. The collective project is an unintended consequence or a means to serve this 

interest. 
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- Collectivism: Participants get involved to answer to the interest of a group or collective. 

In this case, the collective project is at the centre and it is the desire to create the common 

good that guides the involvement of participants. 

- Principlism: Participants get involved in the name of moral principles and higher interests, 

such as freedom or justice. The collective project is an unintended consequence or a means 

to serve this interest. 

Table 1: Different participants' type of motivation (adapted from Batson et al., 2002) 

Type of 

motivation 

Goal of the contribution Example 

Egoism (intrinsic) Serving directly his own interest Having fun 

Egoism (extrinsic) Serving indirectly his own interest Financial benefit 

Altruism Serving someone else’s interest Helping researchers 

Collectivism Serving a group’s interest Contributing to common good 

Principlism Acting on behalf of a moral principle Acting for justice 

 

In every crowdsourcing project and for every participant, these four types of motivation are 

present, but their respective importance depends on the type of project and on the way that the 

objectives are presented (Land-Zandstra et al. 2016). Moreover, these proportions may change 

over time. Egoism is often the main type of motivation when first contributing and then altruism 

and collectivism may play a more important role in the choice of participants to continue to 

contribute (Rotman et al. 2012). Finally, regardless of the stage of the project, participants are 

more motivated to participate if they are confident in the organisation driving the project 

(Kosonen et al. 2013) and if they identify meaning in the tasks they are given (Chandler and 

Kapelner 2013). 

 Quality of contributions 

Good quality contributions must be collected to properly answer the question asked by the 

organisation (Wiggins et al. 2011). In the literature, this quality is characterised by many metrics 

(Senaratne et al. 2016) and there are two strategies to improve it: ex ante and ex post strategies 

(Bordogna et al. 2014) .  

Success factor 4: Ex ante strategy (EX ANTE) 

This strategy is also called by some authors "quality assurance" (Jonietz et al. 2017). It consists 

of setting up mechanisms before the collection of observations for ensuring that collected 

observations are of good quality. For example, these mechanisms can consist in the 

implementation of training for participants, the definition of a common vocabulary or strict 

collection protocols (Criscuolo et al. 2016). The use of sensors to collect data is a good way to 

implement this strategy as it promotes standardisation and minimises the risk of input errors. This 

sensor-based approach has been widely developed for the collection of spatial information, 

especially with the development of smartphones and Global Navigation Satellite System (GNSS) 
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receivers (Crall et al. 2010). Finally, Kelling et al. (2019) stressed the importance of collecting 

information not only about the phenomenon under study but also about the collection process 

itself. According to them, the collection of metadata associated with the participants' 

contributions (who contributes, where, when, according to which protocol, etc.) does not directly 

improve the quality of the collected data but it facilitates understanding and analysis a posteriori. 

Success factor 5: Ex post strategy (EX POST) 

This strategy is also called by some authors "quality assessment" (Jonietz et al. 2017). It consists 

of assessing the quality of the data once it has been collected so that poor quality data can be 

eliminated. Criscuolo et al. (2016) distinguished three approaches to achieve this: 

- The organisation assesses the quality of the collected data expertly. 

- The community assesses this quality either by comparing the data collected by several 

participants having performed the same task (Raykar and Yu 2012) or by assessing the 

reputation of the participants (Jabeur et al. 2018). This reputation corresponds to the 

community's trust in a participant. It is generally assessed by comparing his or her 

contributions to the opinion of experts (Saoud et al. 2020) or by studying the 

modifications made to his or her contributions by other participants (Yijiang Zhao et al. 

2016).  

- The quality of contributions is assessed automatically either by comparing them to 

reference data (Massad and Dalyot 2018) or by studying the characteristics of the 

resulting dataset (Touya et al. 2017). The latter approach is particularly used in the 

crowdsourcing of spatial observations by relying on the spatial coherence of phenomena 

(Goodchild and Li 2012). In the literature, these three approaches are frequently combined 

to assess the quality of the collected data (Fonte et al. 2017). 

1.2.3 Crowdsourcing projects of spatial observations  

 Types of crowdsourcing projects 

Although crowdsourcing projects all share the same principles and success factors, they are very 

diverse in the nature of the contributions that are made by participants. Minet et al. (2017) 

defined three types of crowdsourcing projects according to the nature of these contributions 

(Table2): 

Table 2: Participants' type of contribution for each type of crowdsourcing (adapted from Minet 

et al., 2017) 

Type of crowdsourcing Type of contribution Example 

Crowdsourcing of knowledge Sharing knowledge Treude et al. 2011 

Crowdsourcing of tasks Doing unitary tasks Altwaijry et al. 2016 

Crowdsourcing of spatial observations Collecting spatial information Sullivan et al. 2009 
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- The crowdsourcing of knowledge in which participants contribute by sharing their 

knowledge is not always seen as crowdsourcing, although this type of project is well known 

to the general public. Examples of this include the online encyclopaedia Wikipedia 

(https://www.wikipedia.org/) (Westerman 2009) or Q&A forums, such as Stackoverflow 

(https://stackoverflow.com/), that is widely used by the computer development 

community (Treude et al. 2011). 

- The crowdsourcing of tasks in which participants do unitary tasks of all kinds from their 

computers is also called microworking. This has been widely enabled by Amazon's 

Mechanical Turk platform (https://www.mturk.com/). It is widely used to perform 

tedious tasks that can only be done by humans. One of the most common and iconic 

examples is the labelling of images by participants to train deep learning algorithms 

(Altwaijry et al. 2016). 

- Crowdsourcing of spatial observations in which participants collect spatialized observations 

involve projects that are mainly described by the keywords "crowdsourcing", "Mashup", 

"User-generated content" and "citizen sciences" (See et al. 2016). Minet et al. (2017) 

distinguished between visual observations and observations collected with sensors, but in 

all cases these observations are associated with a geolocation system. The increased 

availability of GNSS receivers and then smartphones has largely contributed to the growth 

of this type of crowdsourcing (Massad and Dalyot 2018). 

In agriculture, crowdsourcing projects of spatial observations are of particular interest because the 

collection of spatialized and dated observations is at the heart of the profession of both farmers 

and agronomists (Ebitu et al. 2021). This type of project is the one that is particularly studied in 

the rest of this document. 

 Characteristics of crowdsourcing projects of spatial observations 

Kelling et al. (2019) proposed to classify crowdsourcing projects of spatial observations according 

to their level of structuration (Table 3). According to them, unstructured projects correspond to 

a totally opportunistic observation gathering strategy, whereas structured projects correspond to 

a gathering strategy where everything is defined in advance by the organisation. According to 

Kelling et al. (2019), the majority of crowdsourcing projects of spatial observations choose an 

intermediate strategy called semi-structured, with clear objectives and an established protocol but 

with participation that remains open and an opportunistic gathering strategy compensated by the 

collection of metadata. 

 

 

 

 

https://www.wikipedia.org/
https://stackoverflow.com/
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Table 3: Characteristics of the different project elements for unstructured, semistructured and 

structured crowdsourcing project of spatial observations (adapted from Kelling et al. (2019)) 

 

Structuration of crowdsourcing project of spatial 

observations 

Unstructured Semistructured Structured 

P
ro

je
ct

 e
le

m
en

ts
 Survey design Opportunistic Opportunistic Totally designed 

Protocol Not defined Partially defined Totally defined 

Recruitment Open and flexible Open and flexible Limited 

Metadata Not collected Collected Not collected 

 

These projects can address both static and dynamic phenomena. For example, the 

OpenStreetMap platform (https://www.openstreetmap.org), which aims to build a free 

geographic database of the world, is certainly the most studied case for observation of a static 

phenomenon (i.e. the location of buildings, roads, etc.) (e.g. Haklay (2010); Senaratne et al. 

(2016) among others). This crowdsourcing platform claims more than seven million contributors 

and more than 8 billion geo-referenced points uploaded to the platform (OpenStreetMap, 2021). 

For the monitoring of dynamic phenomena, many research studies have been carried out in the 

field of environmental monitoring, for example to produce maps for monitoring the spatial 

distribution of different species (Sullivan et al. 2009). Some projects are also emerging in 

agriculture, for example for monitoring crop pests (Malek et al. 2018). 

1.2.4 Farmsourcing projects of Spatial Observations in agriculture 

In recent years, several articles have proposed reviews of crowdsourcing projects in agriculture 

(Ebitu et al. 2021; Minet et al. 2017). Despite the particular interest in crowdsourcing of spatial 

observations in agriculture, existing review articles have only focused on crowdsourcing projects 

as a whole, without specifically addressing agriculture-based projects. A Boolean search of articles 

associating the keyword "agriculture" with each of the four keywords describing crowdsourcing 

of spatial observations indicates up a first inventory of the existing research in this topic. For this 

purpose, the Scopus platform (https://www.scopus.com/) was used and the searches were carried 

out on 25 March 2021 only considering the title, abstract and keywords of articles within the 

database. 

https://www.openstreetmap.org/
https://www.scopus.com/
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Figure 3: Number of scientific papers available on the Scopus platform with on the one hand the 

keyword "Agriculture" and and the other hand one of the keywords "Crowdsourcing", "Citizen 

Science", "Mashup" and "User-generated content". 

Published research on crowdsourcing of spatial observations in agriculture first appeared in the 

late 2000s and really started to emerge in 2013 (Figure 3). From 2013, there have been more 

and more articles associating the keywords "crowdsourcing" and "citizen science" with 

agriculture. Nevertheless, only six out of 187 articles (3%) associated the keywords 

"Crowdsourcing" and "Citizen science" with agriculture simultaneously. This keyword analysis 

indicated that there are two sub-communities that study agriculture from different perspectives. 

The "Crowdsourcing" sub-community focuses on agriculture more from the perspective of the 

farmer and decision making (Weddagala et al. 2020). It is related to other keywords like "Remote 

sensing", "Crops", "Mapping" and "Decision making". The "Citizen Science" sub-community 

studies agriculture as part of a larger system, such as the ecosystem, biodiversity or climate 

change (Billaud et al. 2021). This sub-community associates other keywords like "Biodiversity", 

"Agricultural land", "Land use", "Ecosystem" and "Climate change". As a result, participants 

are more likely to be amateurs or the general public in the case of projects associated with the 

keyword "Citizen science", while they are more likely to be agricultural professionals (e.g. farmers, 

advisors) in the case of projects associated with the keyword "Crowdsourcing" (Ebitu et al. 2021). 

Minet et al. (2017) proposed the term "Farmsourcing" to describe crowdsourcing projects that 

involve professionals from the agricultural sector. The sub-community of crowdsourcing projects 

of spatial observations involving agricultural professionals and interested in decision support can 

be described by the term "Farmsourcing of Spatial Observations".   

For ease of understanding, Figure 4 summarises the different concepts presented and their 

interrelationships. The work carried out in this thesis focuses on Farmsourcing of Spatial 

Observations (FSO) projects. 
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Figure 4: From crowdsourcing to Farmsourcing of Spatial Observations (FSO): synthesis of the 

main linkages and areas of interest for FSO projects.  

1.3 Do Farmsoucing projects of spatial observations have specific 

success factors?  

The aim of this section is to understand the influence of FSO projects’ specificities to their own 

success. It first details these specificities (1.3.1) and then outlines the influence they may have on 

the success factors (1.3.2). 

1.3.1 Specificities of Farmsourcing projects of Spatial Observations 

FSO projects have six main specificities compared to other crowdsourcing projects. These are due 

to both the type of contributions (spatial observations) and the agricultural context in which these 

contributions are gathered (farmsourcing). 

Specificity 1: Phenomenon are structured in time and space (STRUCTURED) 

The studied phenomena concern agricultural issues, such as the presence of diseases, pests (Awuor 

et al. 2019) or abiotic stresses (Dell’Acqua et al. 2018). These phenomena are often dependent 

on environmental factors, such as soil (e.g. pedology, topometry) or climate (e.g. temperature, 

rainfall). These environmental factors are often spatially organised (Colaço et al. 2019). Rainfall 

is a good example of this. As an illustration, Figure 5 shows the precipitation estimated by radar 

over the entire Champagne viticulture region for August 14th 2014 (week 33). The rainfall is 

spatially organised from east to west. On this day, some areas of the region received < 5 mm of 

precipitation while other areas received up to 40 mm. In this case, the spatial organisation of the 

precipitation was particularly strong. 
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Figure 5: Map of precipitation on Champagne vineyard estimated by radar for August 14th 2014 

(week 33) with 1-kilometre-wide pixels.  

Environmental factors can also vary over time. Rainfall is also a good example of it. As an 

illustration, Figure 6 shows the cumulative weekly rainfall over the same Champagne region during 

the 2014 spring and summer. Two particularly rainy periods appear at the beginning of spring 

(weeks 17 to 21) and in mid-summer (weeks 27 to 33) interspersed with drier periods (weeks 22 

to 25 and 35 to 37). During this year 2014, the temporal organisation of the rainfall was also 

strong. 

 

Figure 6: Temporal evolution of cumulative weekly rainfall during spring and summer 2014 in the 

Champagne vineyards. 

Agricultural phenomena, such as biotic or abiotic stresses, that are studied in FSO projects depend 

on environmental factors. They are therefore influenced by the spatial and temporal structures of 

the environmental factors. As a result, the agricultural phenomena will also be structured in space 

and time (Jasse et al. 2021). This means that, for the variable under study, two observations 

collected at close dates and sites have a greater probability of presenting similar attribute values 

than two observations that are distant in time and space. Consequently, variables collected by 

FSO tend to show strong temporal and spatial covariances. 
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Specificity 2: Phenomenon are seasonal and dynamic (SEASONAL) 

Studied phenomena are generally seasonal and dynamic. This means that the phenomenon appears 

each year at the same period and evolves during the season. This is, for example, the case for the 

monitoring of crop pests that appear every year in spring and whose population evolves during the 

summer period (Maistrello et al. 2018). Naturally, participants are trying to observe this 

phenomenon and tend to gather their observations during this period. As a result, the number of 

observations over time varies very strongly in this type of study. Observations collected on the 

eButterfly platform are a good illustration of this (Prudic et al. 2017). The number of observations 

is very high during the summer (June to August in the northern hemisphere), which corresponds 

to the period when butterflies are present (Figure 7). On the contrary, it is very low during winter 

(December to February), which corresponds to a period when the butterflies are in larva stages 

and not observable. In this representative example of FSO projects, the monthly number of 

observations thus evolves in a dynamic and seasonal manner. 

 

Figure 7: Monthly observations submitted to eButterfly platform for butterfly observations in 

North America from 2012 to 2016 (from Prudic et al., 2017).  

Specificity 3: Datasets are asynchronous and heterotopic (ASYNCHRONOUS) 

FSO projects are generally semi-structured (Kelling et al. 2019) with an open and flexible 

recruitment of contributors and opportunistic gathering strategy. The major consequence is that 

observations are collected at sites and dates that are only determined by the participants according 

to their individual constraints or motivations. These sites and dates are not known in advance by 

the organisation and are not necessarily optimal for the observation of the phenomenon of interest. 

The resulting datasets are therefore: 

- Asynchronous, i.e. observations made at two different sites are usually made on two 

different dates.  

- Heterotopic, i.e. observations made on two different dates are usually located at two 

different sites. 

These characteristics are practically non-existent in conventional experimental approaches in 

agriculture. Experimentation is usually based on randomised replicate designs where measurements 

are systematically made on the same date and repeated on the same plots, which greatly simplifies 

data analysis. Therefore, the asynchronous and heterotopic nature of FSO data is a fundamental 

feature of these data and will condition the data processing methods that allow knowledge to be 
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inferred. In this context, the gathering of metadata on the observations is a major issue because 

a posteriori knowledge of the sites and dates of collection is needed in order to manage this 

asynchronous and heterotopic character. 

Specificity 4: Participants are professionals (PROFESSIONALS) 

FSO project participants contribute to these projects as part of their professional activity (Minet 

et al. 2017). Therefore, the participants are mostly stakeholders in the agricultural sector 

(farmers, advisors, etc.) and not enthusiastic amateurs or the general public, as is the case in 

many crowdsourcing projects (Prudic et al. 2017). This characteristic of the participants 

influences their motivations, which are rather egoist and extrinsic, i.e. by contributing, they try to 

answer a need related to their professional activity (e.g. to know the performance of a seed variety 

(Van Etten, Beza, et al. 2019)). This characteristic of the participants also influences their 

knowledge of the phenomena studied. As professionals in the agricultural sector, they contribute 

to the observation of phenomena that they know well. Therefore, it can be assumed that their 

level of expertise is higher than in other crowdsourcing projects, although no published literature 

was found that has studied this assumption in detail. It is likely that this characteristic also 

influences the sites at which participants will carry out observations. Farmers tend to make 

observations on the fields they work on and advisors on those they support. It is quite rare that 

several different participants collect observations on the same field or site. Finally, extension 

services are one of the key actors in FSO projects. As for the adoption of any innovation in 

agriculture (De Souza Filho et al. 2021), extension services play an important role in the 

participation of farmers to crowdsourcing projects because i) they benefit from their trust, ii) they 

are usually well established in the territory, and iii) they provide a link between the participants 

and the organisation (Ryan et al. 2018). 

Specificity 5: Observations are only collected once (ONCE) 

The repetition of the same task by several participants is a frequent strategy for assessing the 

quality of contributions in different types of crowdsourcing projects (Rodrigues et al. 2013), 

2013). In the case of FSO projects, the observed phenomena are dynamic (Specificity 

SEASONAL). The repetition of the same observation by several participants implies that these 

participants carried out the same observation on the same site and on the same date. 

Furthermore, as agricultural professionals, participants tend to make observations only in their 

own areas of interest (Specificity PROFESSIONALS). From a practical point of view, the 

repetition of the same observation by several participants is very unlikely and almost never 

happens. Therefore, it can be considered that the observations of the phenomena studied are 

collected only once at a given site and on a given date.   

Specificity 6: Reference data is not available (REFERENCE) 

The reference data that are usually used in different types of crowdsourcing projects are data 

from an authoritative structure (e.g. the State) (Arsanjani et al. 2015). These reference data are 

often expensive and time-consuming to acquire. They are well suited to characterise a static 

phenomenon (e.g. the location of buildings, roads, etc.) (Brovelli et al. 2017). In the case of 

monitoring dynamic phenomena, reference data are rarely acquired or available because they 

remain very expensive and the duration of the acquisition protocols is often incompatible with the 

temporal dynamic of the phenomenon, which is often rapid. FSO projects rarely have reference 

data or, if they are available, they are only available very locally. As a result, the observations 
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made by the participants are in the vast majority of cases the only data available to describe the 

phenomena studied (Sullivan et al. 2009). 

1.3.2 Impact on success factors 

The specificities of FSO projects have an influence on the success factors of these projects (Table 

4). The following section describes this influence in order to identify the most impacted success 

factors.   

Impact on security:  

FSO projects need financial, contractual and digital security to be successful. Security is an 

important factor but it is not influenced by any of the specificities of these projects (Table 4). 

Therefore, security is a success factor for FSO projects as it is a success factor for any 

crowdsourcing project or indeed for all projects regardless of the field of activity. This issue, 

although strong, is not specific to FSO projects and does not raise specific questions and will not 

be directly addressed in this thesis.   

Impact on quantity of contributions:  

The specificities of FSO projects do not influence the importance of having a mature and easy-

to-use platform to get many contributions (Table 4). However, they do have a strong influence 

on the motivation of participants. Indeed, although agricultural stakeholders are rather 

enthusiastic about participating in crowdsourcing projects (Dehnen-schmutz et al. 2016), they 

tend to contribute only if they perceive a direct benefit for their agricultural production or business 

(Ebitu et al. 2021). The desire to be part of scientific research or to contribute to a collective 

project is less strong than in other sectors (Beza et al. 2017). Participant motivation is more 

egoist and extrinsic (Specificity PROFESSIONALS). Moreover, as the observed phenomena are 

seasonal (Specificity SEASONAL), it is likely that their contribution and motivation also changes 

seasonally. There are few published works that have studied FSO projects (Ebitu et al. 2021) and 

the impacts of their specificity on participant motivation remains an open question. 

Impact on quality of contributions:  

Specificities of FSO projects do not influence the ex ante strategy for managing the quality of 

collected observations (Table 4). However, these specificities can have a strong impact on the ex 

post strategy. Indeed, in these projects, the difficulties in acquiring reference data (Specificity 

REFERENCE) or in comparing the collected data with those collected by other participants 

(Specificity ONCE) limit the possible ex post strategies. The only possible approaches are to study 

the characteristics of the collected dataset (Goodchild and Li 2012) or to assess the reputation 

of the participants (Jabeur et al. 2018). In the case of reputation assessment, the approaches 

classically proposed in the literature are difficult to transpose to FSO projects. Most approaches 

have assessed the reputation of a participant by studying the modifications of their contributions 

by other participants (number of modifications, time to first modification, etc.) (Fogliaroni et al. 

2018). These methods require that the same object or phenomenon is observed by different 

operators. However, in the case of FSO projects, observations are usually collected only once at 

a given site and date (Specificity ONCE). Moreover, they are considered to be made by the best 

"local expert", so that modification by other participants can hardly be justified. Therefore, 

existing ex post strategies in the literature are faced with their limitations in adapting to FSO 
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projects. Nevertheless, the phenomena studied have interesting characteristics to consider original 

ex post strategies. Spatial and temporal structures of the studied phenomena (Specificity 

STRUCTURED), as well as their seasonality (Specificity SEASONAL), make it possible to 

estimate expected values. This offers the opportunity for identifying observations that deviate 

from these expected values, either because the phenomenon studied effectively presents a local 

anomaly or because the observation considered is erroneous. Finally, in order to be implemented 

on large amounts of data, tools and methods dedicated to the evaluation of the quality of 

contributions must be automatable and adaptable to asynchronous and heterotopic datasets 

(ASYNCHRONOUS specificity). Ex post strategies adapted to FSO projects are currently little 

studied. However, they represent both a major challenge for the development of these projects 

and raise original questions for the scientific community. 

Table 4: Potential impact of specificities of Farmsourcing projects of Spatial Observations on the 

success factors of crowdsourcing projects.  
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Security 

 Security       

Quantity of contributions 

 Platform maturity       

 Value and ease of 

use 

      

 Motivation       

Quality of contributions 

 Ex-ante strategy       

 Ex-post strategy       

 Potential impact 

Legend:  No impact 

  Low impact 

  Strong impact 
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1.4 Scientific question and organisation of the manuscript 

1.4.1 General approach 

The specificities of FSO projects have an impact on both the quantity and quality of contributions. 

In particular, they influence the motivation of participants and the ex post quality management 

strategy. In the literature, a few studies have mentioned these success factors (Van Etten, Beza, 

et al. 2019), but the analyses are often focused on specific, studied projects. To the best of our 

knowledge, no study has investigated systemically the specific success factors of FSO projects. 

Therefore, a study of these factors is not possible by conducting a literature review, such as the 

one proposed by Rechenberger et al. (2015) for crowdsourcing projects in general. However, it is 

possible to make assumptions about these specific factors based on the generic success factors 

of crowdsourcing projects (1.2.2) and on the influence that the specificities of FSO projects may 

have on these factors (1.3.2). 

The work carried out in this thesis aims to formulate these hypotheses and then to test them 

through the implementation of a systemic approach. This approach consists in conducting a real 

FSO project through its main stages, including its definition, implementation and evaluation 

(Table 5). This approach then consists of testing the hypotheses formulated during the different 

stages of the project and generalising the results in order to validate (or not) these hypotheses. 

In order to ensure this generalisation, the project chosen must have characteristics that are 

representative of all FSO projects. 

1.4.2 ApeX-Vigne use case 

The ApeX-Vigne project was chosen as a use case to implement the systemic approach (Table 

5). This FSO project aims to map vine water status at a regional scale. It was mainly developed 

in the south of France. Participants contributed by gathering observations on the vine shoot 

growth during summer using the iG-Apex method. They used the mobile application ApeX-Vigne, 

which was designed and developed during this thesis. In this project, the ex post quality strategy 

was ensured by methods that automatically identify surprising observations and outliers. This 

project is presented in detail in the following chapters. The ApeX-Vigne was officially launched in 

2019. Its evaluation of the quality and quantity of contributions focuses on observations collected 

during the 2019 and 2020 seasons. 
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Table 5: Six main steps of a Farmsourcing project of Spatial Observations for the general case 

and for the ApeX-Vigne use case 

  General case ApeX-Vigne use case 
D

ef
in

in
g
 

th
e 

p
ro

je
ct

 

1 
Choosing the agricultural 

issue 
Choosing vine water status issue 

2 
Defining the contribution for 

participants 
Defining the iG-Apex method 

B
u
ild

in
g
 

th
e 

p
ro

je
ct

 3 Designing the platform 
Designing the ApeX-Vigne 

application 

4 
Designing methods for ex 

post strategy 

Designing automatic methods 

for outlier and surprising 

observation detection 

E
va

lu
at

in
g
 

th
e 

p
ro
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ct

 5 
Evaluating the quantity of 

contributions 

Evaluating the quantity of ApeX-

Vigne contributions in 2019 and 

2020 seasons 

6 
Evaluating the quality of 

contributions 

Evaluating the quantity of ApeX-

Vigne contributions in 2020 

season 

 

1.4.3 Formulated hypothesis 

Two main hypotheses on the specific success factors of FSO projects will be tested in this thesis. 

They focus on the success factors that are most impacted by the specificities of FSO projects. 

The first hypothesis concerns the specific success factors that would allow for the collection of a 

significant amount of observations i.e. the quantity of contributions collected. The second 

hypothesis focuses on the specific success factors that would favour the quality of these 

contributions (Figure 8).   

Hypothesis 1: FSO projects must address multiscale agricultural issue, propose useful and simple 

tasks to participants and rely on an accessible platform to generate a significant amount of 

observations.  

- Specific success factor studied 1: The project addresses an agricultural issue both at the 

field or farm scale and at the regional scale (MULTISCALE) 

An organisation sets up an FSO project to understand a phenomenon at the scale that 

they are interested in, which is the regional scale. Participants contribute to this project 

to understand a phenomenon at the spatial scale they are concerned with, i.e. the field or 

farm scale (specificity PROFESSIONALS). It is hypothesised that the agricultural issue 

addressed in an FSO project must meet this double expectation. It must address both a 

regional issue to interest the organisation and a local issue to interest participants. 
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- Specific success factor studied 2: The task proposed to the participants is simple and 

offers them a counterpart directly useful in their professional activity (USEFUL) 

Participants in FSO projects contribute as part of their professional activity (specificity 

PROFESSIONALS). They often have little time to contribute and expect a direct 

feedback. Therefore, it is hypothesised that the contribution requested from participants 

must be simple and must give them access to information that is useful for their 

professional activity for the FSO to be successful. 

- Specific success factor studied 3: The platform is accessible to a high number of potential 

participants (ACCESSIBLE). 

A FSO platform must first of all be easy to find by potential participants. It is hypothesised 

that it should also follow the same rules as any other crowdsourcing platform, in particular 

regarding its maturity (factor MATURITY) and ease of use (factor VALUE). It must 

enable the centralization of collected observations so that the organisation can use them. 

Finally, as participants contribute in the context of their professional activity (specificity 

PROFESSIONALS), they are likely to be particularly sensitive to the trust they give to 

the organisation (factor MOTIVATION). 

 

Hypothesis 2: FSO projects must rely on a standardized gathering protocol, the recording of 

metadata and ex post quality methods based on attribute, spatial and temporal characteristics of 

observations to generate contributions of good quality.  

- Specific success factor studied 4: The platform enables the gathering of contributions 

according to a standardised protocol. (STANDARDIZED)  

In order for observations collected by different operators and under different conditions to 

be studied together and eventually compared, it is necessary to limit the variation factors 

affecting the measurement (factor EX-ANTE). It is hypothesised that collecting 

observations according to a standardised protocol will permit the collection of good quality 

observations.   

- Specific success factor studied 5: The platform enables the gathering of metadata about 

the conditions under which contributions were acquired. (METADATA) 

Time and space strongly structure the studied phenomena (specificities STRUCTURED 

and SEASONAL). Therefore, gathering metadata about the site and the date of collection 

of observations is as important as the actual observation in order to be able to properly 

interpret the collected data (factor EX-ANTE). It is hypothesised that recording the site 

and date of each observation collected will facilitate the analysis of the data and thus 

would ameliorate indirectly data quality. 

- Specific success factor studied 6: The ex post quality methods are based on attribute, 

spatial and temporal characteristics of the observations. (MULTI-CHARACTERISTIC) 

Quality improvement strategies after the collection of observations are difficult considering 

the unique characteristics of FSO datasets (specificities ASYNCHRONOUS, ONCE and 

REFERENCE). Nevertheless, time and space strongly structure the phenomena studied 
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(specificities STRUCTURED and SEASONAL) and offer opportunities for quality 

improvement. It is hypothesised that the implementation of analytic methods based on 

the attribute, spatial and temporal characteristics of the observations could improve the 

quality of the observations gathered, in particular by identifying outliers and surprising 

observations. 

 

Figure 8: Specific success factors of Farmsourcing projects of Spatial Observations tested by 

hypothesis 1 and 2 and their relation with generic success factors.  

According to the systemic approach implemented in this thesis, the two hypotheses were tested 

throughout the main stages of the studied use case (i.e. ApeX-Vine) (Figure 9). First, it was 

demonstrated that the use case did effectively present the specific success factors under study in 

order to be able to test hypothesis 1 (i.e. MULTISCALE, USEFUL and ACCESSIBLE) and 

hypothesis 2 (i.e. STANDARDIZED, METADATA, MULTI-CHARACTERISTIC). Secondly, 

these hypotheses were tested and the results were generalised. 
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Figure 9: Checking specific success factors and testing hypotheses along the steps of the use case 

in the proposed systemic approach.  

1.4.4 Organisation of the manuscript 

After this first introductory chapter, the manuscript is structured in 6 chapters (numbered from 

2 to 7) following the demonstration and the main steps of the use case (Figure 10). Chapter 8 

concludes the manuscript and opens up perspectives for future research. 
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Figure 10: Organisation of the manuscript: implementation of the systemic approach along 

chapters 2 to 7 based on the main steps identified in Figure 9.. 

Chapter 2: Monitoring of vine water status in the south of France: an issue at different spatial 

scales 

The objective of chapter 2 is to present the use case of vine water status monitoring and to detail 

its issues at different spatial scales (specific factor MULTISCALE). This chapter does not aim to 

produce knowledge. It simply provides a quick literature review on the vine water status monitoring 

issue in order to demonstrate how important it is at different spatial scales and for different 

stakeholders. 

Chapter 3: Observation of shoot growth: a simple and operational method to monitor vine water 

status in the vineyard 

The objective of chapter 3 is to demonstrate that the iG-Apex method based on the measurement 

of vine shoot growth is a relevant indicator from an operational and scientific point of view for 

monitoring vine water status in the vineyard (specific factor USEFUL). The questions explored in 

this chapter are: Is it possible to establish a relationship between iG-Apex and a reference method 
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for monitoring vine water status? Under what conditions is this relationship valid? What 

recommendations for use can be drawn from it? 

Chapter 4: Characterising within-field variability of vine water status with simple visual 

observations of shoot growth 

The objective of chapter 4 is to demonstrate that the iG-Apex method can also be used to 

characterise the within-field variability of vine water status (USEFUL specific factor). The 

question explored in this chapter is: Is the uncertainty associated with the iG-Apex method low 

enough to allow participants to characterise vine water status at the within-field level and to 

identify the optimal period for using this method as an operational decision support tool? 

Chapter 5: ApeX-Vigne: a platform designed for collecting farmsourcing spatial observations  

The objective of chapter 5 is to demonstrate that the ApeX-Vigne mobile application is easily 

accessible and usable by potential participants (specific factor ACCESIBLE), that it enables data 

to be collected according to a standardised protocol (specific factor STANDARDIZED) and that 

it records contextual information on the observations gathered (specific factor METADATA). 

The question explored in this chapter is: What methodological and technological choices should 

be made to provide an easily accessible and ergonomic mobile application that enables the 

collection and centralisation of standardised, dated and geo-referenced vineyard observations?  

Chapter 6: Evaluating the quantity of contributions in a farmsourcing project of spatial 

observations 

The objective of chapter 6 is to test hypothesis 1 and to generalise the results on specific success 

factors regarding the quantity of contributions. The question explored in this chapter is: How can 

the adoption and uses of an FSO application be evaluated? Did the ApeX-Vine application allow 

the collection of a large quantity of observations? 

Chapter 7: Evaluating the quality of contributions in a farmsourcing project of spatial observations 

The first objective of chapter 7 is to demonstrate that the ex post quality management strategy 

implemented in the ApeX-Vigne project is based on the attribute, spatial and temporal 

characteristics of observations (MULTI-CHARACTERISTIC). The second objective is to test 

hypothesis 2 and generalise the conclusions about specific success factors concerning the quality 

of contributions. The questions explored in this chapter are: How to propose a method based on 

the attribute, spatial and temporal characteristics of observations to automatically identify outliers 

and surprising observations in a FSO dataset? What are the performances of this method? 

Chapter 8: Conclusion and perspectives 

The objective of chapter 8 is to conclude on the validation of the two formulated hypotheses and 

to give directions for future research work. Hypotheses 1 and 2 can be considered as validated for 

the ApeX-Vigne case study and for all FSO projects. The study of time series of observations and 

the consideration of participants' reputation are ways to improve the proposed approach. The use 

of observations from FSO projects jointly with other sources of information is a direction that will 

be explored in future research in particular on the inversion of mechanistic models. 
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Chapter 2: Monitoring of vine water 

status in the south of France: an issue at 

different spatial scales 

 

 

The objective of chapter 2 is to present the use case of vine water status monitoring and to detail 

its issues at different spatial scales (specific factor MULTISCALE). This chapter does not aim to 

produce knowledge. It simply provides a quick literature review on the vine water status monitoring 

issue in order to demonstrate how important it is both at field and regional scales and for different 

stakeholders. 
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2.1 Vine water status influences vineyard performances in many ways  

Vine water status is a physiological quantity describing the state of the plant regarding water 

resources. When this resource is limiting, vine water status corresponds to what is called a water 

constraint. This water constraint plays a particularly important role in vineyard management 

because it influences vegetative growth (Lebon et al. 2006), grape quality (Van Leeuwen et al. 

2009) and yield (Medrano et al. 2003) (Figure 11). 

  
Figure 11: Summary of the main vineyard performances impacted by vine water status. 

The impact of water constraint on vineyard performance depends on its intensity, its duration and 

its period of occurrence. Many works have addressed these issues and the literature on the subject 

is abundant (Mirás-Avalos and Silva Araujo 2021; Scholasch and Rienth 2019). The objective of 

this section is simply to expose the issues of water constraint for vineyard management purposes 

by highlighting the main phenomena involved: 

- The period between budburst and flowering corresponds to the development of the vine's 

vegetative system. If a water constraint, even low, occurs during this period, the vegetative 

growth is slowed down or even stopped (Lebon et al. 2006). The main consequence is a 

decrease in the total leaf area per vine (Pellegrino et al. 2005) and thus a reduction in the 

plant's capacity to perform photosynthesis (Hsiao 1973). It has also been demonstrated 

that water constraint around flowering in year n partly determine the maximum yield that 

can be reached in year n+1 (Guilpart et al. 2014). 

- The period between setting and veraison corresponds to the herbaceous growth of the 

berry. A water constraint occurring during this period affects the average berry size and 

consequently reduces final yield. This effect can be targeted because it also increases final 

berry quality through concentration of quality determining compounds in the berry (Ojeda 

et al. 2001). 

- The period between veraison and harvest corresponds to berry ripening. A water constraint 

occurring during this period mainly influences berry quality. This quality is complex to 

assess but is often described by four main characteristics (Acevedo-Opazo et al. 2010; 

Zufferey et al. 2017): berry size, sugar content, total acidity and total polyphenol content. 

All of these characteristics are affected by water constraint (Mirás-avalos and Intrigliolo 

2017). A water constraint occurring during this period can also reduce yield, but to a 

lesser extent than if it occurs before veraison (Scholasch and Rienth 2019). 
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The influence of vine water status on vineyard performance is therefore complex. It evolves along 
the vegetative cycle and may require compromises, for example between quality and yield. Typical 
trajectories corresponding to different production objectives have been proposed to assist 
winegrowers in their vine water status management strategy (Figure 12) (Ojeda and Saurin 2014). 
These trajectories illustrate the importance of monitoring vine water status and therefore 
measuring or estimating it throughout the season. 

 
Figure 12: Schematic representation of possible vine water status trajectories according to 
objectives of production (redrawn after Ojeda and Saurin 2014). 

2.2 Vine water status has to be monitored in time and space 

2.2.1 Vine water status varies over time and space, even at within field scale 

Vine water status depends mainly on soil and climatic conditions. The climate determines both 

the amount of water the plant receives through precipitation (Mirás-Avalos and Silva Araujo 2021) 

and the amount of water consumed through evapotranspiration (Lebon et al. 2003). The soil, in 

particular its texture, determines the amount of water that can be stored and then gradually 

mobilised by the plant (Van Leeuwen et al. 2018). However, climate is variable both in time and 

space (Neethling et al. 2019) and soil characteristics vary in space (Román Dobarco et al. 2017). 

As a result, the vine water status also varies greatly in time and space. Figure 13 illustrates this 

phenomenon with three maps showing, on the one hand, the spatial variability of the vine water 

status at within-field (Figure 13a) and inter-field (Figure 13b) scales and, on the other hand, the 

temporal evolution of this spatial variability at the within-field scale (Figure 13c). These maps are 

derived from works published in the literature. They are based on three types of measurements of 

vine water status that will be detailed in the following section: Predawn Leaf Water Potential, 

δ13C and Stem Water Potential, respectively. These measurements provide information on the 
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vine water status at the time of the measurement (water potentials) or throughout the season 

(δ13C) (see next section). 

 

Figure 13: Examples of spatial and spatio-temporal variations of vine water status: (a) within-

field and (b) inter-field variability of vine water status measured by predawn leaf water potential 

at the end of summer near Gruissan, Languedoc, France (from Acevedo et al. 2008) and by δ13C 

near Bordeaux, France (from Van Leeuwen et al., 2018), respectively. (c) Temporal evolution of 

within-field variability of vine water status measured by stem water potential near Simonsberg, 

South-Africa (from Jasse et al., 2021). 

Given the agronomic importance of vine water status monitoring and its variability in time and 

space, the objective for vineyard management is therefore to be able to estimate it as accurately 

as possible, specifically, regularly and if possible exhaustively. The following section details the 

existing tools and methods for carrying out these measurements. 
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2.2.2 Approaches for monitoring vine water status are resulting from a trade-off 

between reliability, spatial and temporal resolutions 

Many approaches have been developed to estimate vine water status. They are based on 

measurements carried out either i) directly on the plant (Choné et al. 2001), ii) or on factors 

influencing vine water status such as soil (Gardner et al. 2001) or climate (Lebon et al. 2003), 

iii) or indirectly, on factors that are influenced by vine water status such as vegetation growth 

(Martinez-De-Toda et al. 2010) or berry composition (Gaudillère et al. 2002). Approaches based 

on plant measurements are often more reliable but also more complex to implement. The 

operational constraints of these approaches limit the frequency and the number of observations 

that can be made in a given time. In their state of the art, Rienth and Scholasch (2019) identified 

eight main approaches. Depending on their reliability, these approaches can be considered as 

reference methods, approaches with high reliability or approaches with some limitations. Acevedo-

Opazo et al. (2008) estimated for each of them the area that could be measured in one day and 

the temporal resolution that could be achieved given the operational constraints of their 

implementation. The section below briefly describes all of these approaches, focusing on their 

operational limitations in the context of a spatio-temporal monitoring of vine water status. 

- Pressure chamber (PC): This approach is considered as a reference measurement in many 

research works (James A. Taylor et al. 2012). It is used in research studies, for technical 

experimentation and in some cases in commercial vineyards. The principle of the 

measurement is to estimate the water potential of the vine (Ψ) by measuring the suction 

pressure required to extract a drop of sap from a leaf. When the measurement is carried 

out between 13.00h and 16.30h by forcing transpiration to stop, it provides information 

on the plant's potential (Stem Water Potential) (Choné et al. 2001). When it is taken 

before sunrise, it provides information on the soil's potential (Predawn Leaf Water 

Potential) (Améglio et al. 1999). In both cases, operational constraints are heavy and 

limit the number of observations that can be made within a day and during a whole season 

(Acevedo-Opazo et al. 2008). 

- Stomatal conductance and leaf gas exchange measurements (Sto): This approach is 

considered as a reference measurement in many research works (Pellegrino et al. 2005). 

It is mainly used in research studies. This approach consists of estimating the closure of 

stomata, which is one of the first physiological responses of the vine to, even very low, 

water restriction. It is based on measuring the flow of water vapour and/or CO2 between 

the leaves and the atmosphere using a porometer (Jones et al. 2002) or an infrared gas 

analyser (Caravia et al. 2016). In both cases, this equipment is specific and expensive 

which limit the use of this approach. A few dozen observations can be made in one day 

(Acevedo-Opazo et al. 2008). 

- Sap flow based measurement (SF): This approach consists of estimating the transpiration 

of the plant, by measuring the sap flow between roots and leaves. It is used in some 

commercial vineyards and it is considered reliable. Several methods are available to carry 

out this measurement (Rienth and Scholasch 2019) but in all cases they require 

instrumenting a vine stock with specific and expensive equipment. This limits the number 

of vines monitored and therefore the characterisation of spatial variability (Acevedo-Opazo 
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et al. 2008). With this approach, sensors can be connected and observations can be 

collected automatically at very short time intervals.  

- Soil sensors (SS): This approach consists of estimating the soil moisture which is one of 

the main factors influencing vine water status. It is quite frequently used in commercial 

vineyards and in technical experimentation. The measurement is carried out by estimating 

the percentage of water in a given volume of soil or by measuring energy with which water 

is withheld by the soil (Gardner et al. 2001). With this approach, sensors can be connected 

and observations can be collected automatically at very short time intervals. However, the 

measurement is carried out on a single site, which limits the characterisation of spatial 

variability. Moreover, this approach is often imprecise because the depth of measurement 

is rarely sufficient to take into account the entire volume of soil explored by vine's roots. 

In addition, vine water status is not directly related to soil water content, which may limit 

the reliability of the approach in some cases (Rienth and Scholasch 2019). 

- Water balance methods (WB): This approach consists of estimating the total amount of 

transpirable soil water (TTSW) which influences vine water status (Lebon et al. 2003). 

Estimates are made using a water balance which accounts for water inputs (irrigation plus 

precipitation) and outputs (runoff plus drainage plus evapotranspiration) to the soil. This 

approach is used in some research work (Gaudin et al. 2014) and in some commercial 

vineyards. The interest of this approach is to estimate TTSW at very short time intervals 

and at many sites. However, it is dependent on the quality of the initial TTSW estimate 

and the risk of overestimating water constraint is high (Rienth and Scholasch 2019). 

- Atmosphere based methods (Atm): This approach consists of estimating 

evapotranspiration of a vineyard, which is correlated to vine water status, by carrying out 

an energy balance (S. Li et al. 2008). It is mainly used in research studies since it is 

complex and requires expensive sensors not adapted to a commercial vineyard. Simplifying 

hypotheses make it possible to implement it, but the estimation of evapotranspiration 

solely due to the vine is still under investigation (Rienth and Scholasch 2019).The interest 

of this approach is to estimate evapotranspiration at very short time intervals and at many 

sites but the many simplifying assumptions limit the reliability of the estimation (Rienth 

and Scholasch 2019). 

- Visual observations (VO): This approach consists of characterising the stop of shoot 

growth, which is one of the first physiological functions affected by water constraint 

(Martinez-De-Toda et al. 2010). It is commonly used in production vineyards and in 

technical experimentation. The measurement is carried out by observing the growth of 30 

to 50 apexes. With this approach, observations can be made quickly and without specific 

equipment. About 100 observations can be made in one day. During a season, the same 

site is generally sampled a dozen times. However, this approach has its limits, as vegetative 

growth can also be affected by other phenomena than water restriction (see chapter 3). 

- Carbon isotope discrimination (δ13C): This approach consists in measuring the ratio (called 

δ13C) between 13C and 12C isotopes present in berries at maturity. This ratio is considered 

as an integrative indicator of the water constraint experienced by the vine during grape 

ripening (Gaudillère et al. 2002). This approach is quite commonly used in research work 

(Bota et al. 2016) and in commercial vineyards. It is reliable but can only be carried out 

at the end of the season. About 100 observations can be made in one day (Acevedo-

Opazo et al. 2008). 
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Figure 14: The different approaches for assessing vine water status (Rienth and Scholasch, 2019) 

are resulting from a trade-off between reliability, spatial and temporal resolutions. For each 

approach, spatial and temporal resolutions are represented in X and Y axis (according to Acevedo-

Opazo et al., 2008) and reliability is represented with different colours (according to Rienth and 

Scholasch, 2019).  

Each of these methods corresponds to a compromise between reliability, and spatial and temporal 

resolutions (Figure 14). The most reliable methods considered as a reference (i.e. Sto and PC) 

have operational constraints that limit their spatial and temporal resolutions. Vine water status 

monitoring with these methods can therefore only be carried out on a small number of sites and 

at a small number of dates during a season. Other methods, which are still very reliable, make it 

possible to increase either the spatial resolution (i.e. δ13C) or the temporal resolution (i.e. SF) 

of the measurement. However, their operational constraints do not allow to improve both 

dimensions at the same time. Methods allowing to monitor the vine water status at many sites 

and at many dates (i.e. Atm, WB and to a lesser extent VO) often require the estimation of 

parameters that are difficult to measure properly (i.e. the estimation of the initial TTSW). They 

therefore require strong assumptions before implementation.  

This brief review of methods for estimating vine water status shows the diversity of existing 

approaches and the specificities of each of them. It appears that none of these methods can 

simultaneously meet all the operational expectations for monitoring vine water status: i) precise 

and specific measurements, ii) tools easy to deploy and iii) an approach that can simultaneously 

cover large areas and ensure monitoring over time. In operational conditions, the choice of a 

method for monitoring the vine water status will therefore necessarily be a compromise between 

all these characteristics. 
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2.3 Many actors are concerned by monitoring vine water status both 

at vineyard and regional scales 

2.3.1 Monitoring vine water status at field scale for managing vineyard 

The vine water status has a complex influence on the quantity and quality of the harvest. For 

growers, the issue is to be able to monitor vine water status at sufficiently small spatial and 

temporal resolutions to be able to support their decision-making. On the one hand, this monitoring 

must help them to take tactical decisions, i.e. decisions concerning farming practices to be 

implemented to meet the quality and quantity objectives they have set for the current season. 

These decisions may, for example, concern irrigation, cover crop destruction or reduction of leaf 

area by shoot trimming. On the other hand, monitoring of vine water status should also support 

winegrowers to make strategic decisions, i.e. decisions concerning farming practices to be 

implemented to reach the objectives they have set over the long term (i.e. several years to several 

decades). These decisions may, for example, concern the installation of shading or the planting 

of a new vineyard including the choice of cultivar, rootstock, planting density, row orientation, 

training system, etc. Winegrowers are sometimes supported by advisors providing them with 

individualised advice. These advisors therefore share the same issues as the winegrowers and have 

the same expectations regarding monitoring of vine water status. For advisors, the number of 

fields monitored is nevertheless much greater than for the winegrowers because each advisor 

generally assists several dozen winegrowers. This greater number of fields to be monitored can 

influence the vine water status monitoring approach the advisors may choose and promote. 

2.3.2 Monitoring vine water status at regional scale for setting up collective 

strategies 

Monitoring of vine water status is also an issue for organisations supporting farmers of a given 

territory, such as cooperative wineries, denomination of origin producers’ union, chambers of 

agriculture, etc. These structures work on territories that are a few kilometres to a few dozen 

kilometres wide. Their mission is to animate collective dynamics between growers, to improve 

production overall quality or to collectively manage water resources. Monitoring vine water status 

at their territory scale help them to understand and anticipate the main trends at work regarding 

water resources. These structures can therefore identify periods of occurrence of strong water 

constraint or zones regularly impacted by water stress. This information can be used, for example, 

to define a collective strategy, to anticipate harvest logistic, to apply for irrigation authorisation 

or to define sectors where the installation of irrigation equipment should be prioritised. These 

structures also use this information to provide generic and often free advice to the winegrowers 

of their territory. This is the case, for example, at the scale of a denomination of origin zone 

(Figure 15) (Bécart et al. 2020) or at a French department scale (Michelot 2020). 
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Figure 15: Extract from a weekly technical report published by the “Côtes du Rhône” syndicate 

on the monitoring of vine water status at the whole appellation scale. Polygons represent 

homogeneous pedoclimatic zones and points represent reference fields on which observations are 

made weekly (from Bécart et al. 2020).  

In addition, monitoring vine water status on larger scales, such as regional scale, can also be a 

good indicator of climate. This information can, for example, be used to characterise the effects 

of climate change in order to better understand the dynamics of the phenomenon. The scientific 

community has identified vine water status monitoring as a challenge for characterising the 

consequences of climate change in the coming years (Van Leeuwen et al. 2019). 

2.4 French Mediterranean arc is a relevant study zone for the issue 

of monitoring vine water status  

2.4.1 The most relevant scale for defining the study zone is a few hundreds of 

kilometres 

In the systemic approach implemented in this thesis, the choice of the study zone to carry out 

the farmsourcing project of spatial observations is essential because this zone must offer the 

conditions allowing hypotheses 1 and 2 to be tested. This study zone must therefore include 

numerous vineyard in order to have a high number of potential participants. It also has to be 

regularly confronted to water restriction phenomena so that monitoring of vine water status is an 

issue for all the stakeholders in the study zone. These stakeholders must be confronted to diverse 

situations in terms of soil, climate and socio-economic conditions so that the case study can be 

generalised as much as possible. These stakeholders must also be as organised and structured as 
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possible at the territorial and sectoral level so that information about the project circulates well 

and a significant number of observations can be collected quickly. Finally, the study zone must 

belong to a unique macroclimate so that the study of the vine water status at this scale makes 

sense. A scale of a few hundred kilometres seemed to be a good compromise between a zone 

encompassing a large number of territories with different situations and a zone belonging to a 

unique macroclimate. It is therefore this spatial scale that was chosen to define the study zone. 

2.4.2 The French Mediterranean arc has the characteristics of a relevant case study 

The chosen study zone was situated in the south of France in an area encompassing the vineyards 

of the Languedoc, Provence and Côtes du Rhone viticulture regions (Figure 16a). The study zone 

covers an area of ~49 500 km2 along the Mediterranean Sea and encompasses 57 different 

controlled denominations of origin with > 300 000 ha of vines and > 26 000 growers (Agreste, 

2010) (Figure 16b). It includes a wide range of pedo-climatic conditions. The soils mostly have 

low soil water holding capacity (< 50 mm) (Figure 16c) and the mean annual precipitation over 

the last 30 years varies from relatively low values (500 – 700 mm yr-1) in coastal areas to relatively 

high values (> 1 300 mm yr-1) in the hinterland (Figure 16d). 

This study zone is of interest because i) it is one of the largest contiguous wine producing areas 

in France, ii) the majority of the vineyards are non-irrigated and the climate is Mediterranean, i.e. 

characterized by hot and dry summers, and iii) the pedo-climatic conditions are diverse and broadly 

representative of conditions that can be found in many vineyards around the world that are located 

in regions with a Mediterranean-type climate (e.g. west coast of the USA, southern Australia, 

western coast of South America and the northern and southern extremities of Africa). 

In this study zone, the monitoring of vine water status is therefore a major issue both at the 

vineyard and regional scales. Every of the more than 26,000 winegrowers and numerous collective 

structures are concerned. It is impossible to mention all these structures but the main ones that 

monitor vine water status at the scale of their territory are chambers of agriculture (e.g. “Chambre 

d’agriculture de l’Hérault”), denomination of origin producer’s union (e.g. “Syndicat des côtes du 

Rhône”), large wineries (e.g. Advini company), advice companies (e.g. ICV group), cooperative 

wineries (e.g. Cantalric cooperative), regional development companies (e.g. BRL) or irrigators' 

associations (e.g. “ASA de Gignac”). For all these structures, the vine water status is a major 

issue and they are seeking to monitor it at the scale of their territory. 
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Figure 16: The study zone encompasses several wine-growing regions of importance in southern 

France with a large variability in soil and climate conditions. (a) The location of the study zone 

within France, (b) the location of vineyards within the study zone that have a controlled 

denomination of origin (INAO, 2020). Two principal pedo-climatic characteristics of this zone, 

(c) total soil water holding capacity (calculated from soil depth and texture) (IGN, 2020) and (d) 

mean annual precipitation over the period 1974-2005 (Météo France, 2020). 
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Chapter 3: Observation of shoot growth: 

a simple and operational decision-making 

tool for monitoring vine water status in the 

vineyard 

 

The objective of chapter 3 is to demonstrate that observation of vine shoot growth (i.e. iG-Apex) 

is a relevant indicator from an operational and scientific point of view for monitoring vine water 

status in the vineyard (specific factor USEFUL). The scientific questions explored in this chapter 

are: "Is it possible to establish a relationship between the vine shoot growth approach and a 

reference method for monitoring vine water status? Under which conditions is this relationship 

valid? What recommendations for use can be drawn from it? " 
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3.1 Details about the corresponding paper 

3.1.1 Title of the paper  

This chapter will be submitted as a short communication in the journal Oeno One under the title 

“Observation of shoot growth: a simple and operational decision-making tool for monitoring vine 

water status in the vineyard”.  

3.1.2 Authors:  

Léo Pichon1, Cécile Laurent123, Jean Christophe Payan4, Bruno Tisseyre1 

1ITAP, Institut Agro Montpellier, INRAE, Univ. of Montpellier, Montpellier, France 

2ABSYS, Institut Agro Montpellier, INRAE, Univ. of Montpellier, Montpellier, France 

3Fruition Sciences, Montpellier, France 

4Institut Français de la Vigne et du Vin, Le Grau du Roi, France 

3.1.3 Abstract 

Monitoring vine water status is a major issue for vineyard management because it influences both 

the quality of the harvest and the yield. Numerous tools and methods have been proposed to 

monitor vine water status, but they are often costly and complex to implement. Methods based 

on the observation of vine shoot growth seem to be interesting alternatives because they are 

simple to carry out and therefore potentially more adapted for use in production vineyards. 

However, these methods have never been evaluated and compared to reference measurements on 

several cultivars and during several vintages. The objective of this article is to study their 

characteristics (validity range, specificity, sensitivity) in order to propose recommendations for 

their rigorous implementation in an experimental or operational context. The study was carried 

out using the iG-Apex method to monitor vine shoot growth and predawn leaf water potential as 

a reference measure on 55 fields located in the Tavel vineyard (Occitanie, France) during 2008 

to 2012 vintages. The results showed that iG-Apex can be used as an operational tool, for 

monitoring vine water status at field scale for water restrictions ranging from -0.2 MPa to -0.8 

MPa. Nevertheless, precautions must be taken when interpreting the results as the method is not 

specific to water restriction and is also sensitive to other phenomena. The use of this method to 

carry out collective monitoring of vine shoot growth over large spatial areas in addition to more 

precise and more localised monitoring carried out with reference measurements also seems 

relevant. 

3.1.4 Keywords 

Grapevine, Vegetative indicator, Vitis vinifera, Water potential, Water stress,  
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3.2 Introduction 

Many authors have shown that water stress decreases photosynthesis and transpiration (Hsiao 

1973), thus limiting vegetative growth (Lebon et al. 2006) and influencing berry ripening (Van 

Leeuwen and Seguin 1994). In the vineyard, water stress has been shown to limit yield (Ojeda et 

al. 2001), influence grape quality (Van Leeuwen et al. 2009) and impact the following year's 

production (Guilpart et al. 2014). Measuring and monitoring water status is therefore a major 

issue for vineyard management. Many tools and methods have been proposed to estimate the vine 

water status (Rienth and Scholasch 2019). They all rely on the measurement of a variable varying 

with or explaining water status and can be measured either on the soil (Gardner et al. 2001), on 

the plant (Pons et al. 2008) or on climate parameters (Gaudin et al. 2014). Most of these 

approaches have been designed to meet the requirements of research and experimentation where 

the objective is to obtain the most reliable proxy of the plant's water status. Sensitivity (i.e. the 

ability to vary with water status) and specificity (i.e. the ability to vary only with water status) of 

the proxy has therefore been a priority in the design of these tools. As a result, they often require 

the use of expensive equipment and the implementation of complex protocols. These operational 

constraints limit the use of these tools at a large scale in the vineyard. The Predawn Leaf Water 

Potential (𝜓𝑃𝐷) may be a good example of this. It is considered as a reference method (Améglio 

et al. 1999) but remains relatively little used in commercial vineyards because it requires to carry 

heavy and voluminous equipment and to make observations under restrictive conditions with 

qualified operators.  

Methods based on shoot growth observation seem to be interesting alternatives to estimate the 

vine water status (Pellegrino et al. 2005). They are simple to implement and therefore potentially 

more suitable for use in commercial situations. Schultz and Matthews (1988) have shown that 

shoot extension rate is more rapidly affected by water stress than leaf extension rate. As a result, 

comparing these two extension rates by simply folding the last unfolded leaves on the shoot is a 

relevant indicator for estimating how water restriction affects the growth. Based on this principle, 

Rodriguez Lovelle et al. (2009) proposed a protocol for observing 50 shoots spread over 10 vines. 

Martinez-De-Toda et al. (2010) proposed an operational indicator based on the observation of 

these shoots’ apexes and their classification into three categories: i) apex in full growth (FG) 

when organogenesis is active, ii) apex in moderate growth (MG) when organogenesis is reduced 

and iii) apexes with stopped growth (SG) when the apex has fallen or has dried out. These authors 

proposed to summarize these observations by an S indicator (Equation 1). 

𝑆 = 𝑤𝐹𝐺𝑆𝐹𝐺 + 𝑤𝑀𝐺𝑆𝑀𝐺 + 𝑤𝑆𝐺𝑆𝑆𝐺 Equation 1 
 

where 𝑤𝐹𝐺, 𝑤𝑀𝐺, 𝑤𝑆𝐺 stand respectively for the proportions of full growth, moderate growth and 

stopped growth apexes. 𝑆𝐹𝐺, 𝑆𝑀𝐺, 𝑆𝑆𝐺 are the coefficients associated with each type of apex 

(Equation 1). Despite the simplicity of this shoot growth approach (SGA), the few papers that 

have studied its interest for decision support have been limited to a single grape variety and two 

vintages (Martinez-De-Toda et al. 2010). As a result, there are very few scientific references to 

determine the potential and limitations of SGA. The objective of this paper is to compare this 

approach with a reference method through a study on several cultivars and several vintages in 

order to provide references on i) the relationship between SGA and a reference measurement, ii) 

the range of validity of SGA, iii) its specificity to the vine water status and iv) its sensitivity to 
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other factors. The objective is to propose recommendations for the rigorous implementation of 

this approach in an experimental or operational context. 

3.3 Material and methods  

3.3.1 Collected datasets 

Two datasets were collected. The objective of the first dataset, entitled Vineyard_dataset, was 

to compare shoot growth observations with reference observations under production conditions 

and over a large number of fields, cultivars and vintages. The objective of the second dataset, 

entitled Metrology_dataset, was to evaluate the metrological qualities of shoot growth 

observations by repeating measurements with several operators. 

3.3.2 Vineyard_dataset: Sampling design 

Observations (shoot growth and reference) were collected in the vineyard of Tavel, in the southern 

Rhône Valley, France (WGS84; X= 4.682064; Y= 44.009484). The climate in this region is 

Mediterranean with low annual rainfall and high summer temperatures. The soils are relatively 

fertile and the main factor limiting the vine shoot growth is access to water resources (Martinez-

Vergara et al. 2014).  

 

Figure 17: Location and cultivar of fields on which reference and shoot growth observations were 

collected for the Vineyard_dataset. 
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55 measurement sites corresponding to 55 different fields were defined on the vineyard. The fields 

were situated on the same soil unit. The soil was sandy-clay with a small amount of calcareous 

stones on the surface. Each measurement site consisted of 10 consecutive vines along the row 

within each field. The fields were chosen in order to i) take into account the diversity of cultivars 

in the region (cv. Cinsault, cv. Grenache, cv. Mourvèdre and cv. Syrah) and to cover a wide 

variety of situations in the study zone (Figure 17). The study was conducted over 5 consecutive 

years from 2008 to 2012. These vintages presented a variety of temperature and rainfall profiles 

that allowed a wide range of climatic conditions to be explored (Figure 18). For example, 2008 

was characterized by an exceptionally wet spring and early summer, while in contrast, the early 

summer of 2011 was particularly dry. The year 2009 was warm compared to the temperatures 

observed over the last 30 years but with rather average rainfall. In contrast, 2010 summer was 

dry with no precipitation.  

 

Figure 18: Average monthly temperatures and cumulative monthly rainfall for the 2008 (a), 2009 

(b), 2010 (c), 2011 (d) and 2012 (e) vintages compared to the respective averages over the 

period 1976 – 2005. 

At each site, observations (shoot growth and reference) were collected on a weekly basis. 

Observations were all collected between May 30th and September 1st, but each year the date of 

the first observation was dependant on the weather and the resulting precocity or delay of the 

water restriction. At the end of the protocol, the Vineyard_dataset consisted in 474 pairs of 

shoot growth and reference observations. 

3.3.3 Method for collecting observations on shoot growth 

At each studied site, 50 apexes were observed and classified into the FG, MG, SG categories 

(Figure 19). For the calculation of the S indicator (Equation 1), the recommendations of the 

Institut Français de la Vigne et du Vin (IFV) were followed (Payan 2020). The values 1, 0.5 and 
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0 were defined for the parameters 𝑆𝐹𝐺, 𝑆𝑀𝐺 and 𝑆𝑆𝐺 respectively, defining the iG-Apex indicator. 

The term “iG-Apex” will be used in the rest of the paper to describe the shoot growth index. 

 

Figure 19: Examples of shoot classified in the categories “full growth” (a), “moderate growth” (b) 

and “stopped growth” (c). 

3.3.4 Vineyard_dataset: Method for collecting reference observations 

The 𝜓𝑃𝐷 measured with a pressure chamber (Scholander et al. 1965) was chosen as the reference 

measurement. For each of the 10-vine sites, measurements were taken on the five central vines 

(vines 4 to 8). On each vine, measurements were taken on a primary leaf located in the middle 

zone of the vegetation. The average of these 5 measurements was considered as the reference 

𝜓𝑃𝐷 value for the site. The 𝜓𝑃𝐷 measurements were performed according to the method described 

by Améglio et al. (1999) by experienced operators who regularly calibrated each other to limit 

operator effects. 

3.3.5 Metrology_dataset: Sampling design 

iG-Apex observations were collected in conditions allowing the widest possible range of shoot 

growth to be observed at the same date. These observations were collected on 3 fields planted 

with 3 cultivars of varying vigour and precocity (cv. Chenin, cv. Mourvèdre and cv. Syrah). These 

fields were located in Montpellier (WGS84; Lat: 43.617592; Long: 3.855987) in a Mediterranean 

climate. Each field consisted in a site of 10 consecutive vines along the row. Observations were 

collected on July 25th 2019 when water restriction was likely to impact shoot growth. Six 

inexperienced operators repeated the iG-Apex observations three times at each of the three sites 

with 30-minute intervals. At the end of the protocol, the Metrology_dataset consisted in 54 iG-

Apex observations. 

3.3.6 Data analysis:  

 Relationship between iG-Apex and 𝜓𝑃𝐷  

The objective was to study the relationship that could be established between iG-Apex and the 

𝜓𝑃𝐷. For this purpose, all 474 observations of the Vineyard_dataset were considered. The average 

of the 𝜓𝑃𝐷 values was plotted for every 0.1 iG-Apex interval. A linear regression was performed 

between iG-Apex and the corresponding average 𝜓𝑃𝐷. The corresponding r squared was calculated 

to evaluate the quality of the regression. 
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 Validity range of iG-Apex 

The objective was to identify the range of vine water status in which this relationship was relevant. 

Only the extreme ranges of Vineyard_dataset iG-Apex values were considered in order to identify 

the situations where this indicator appeared saturated or not sensitive to 𝜓𝑃𝐷. Considered 

observations were plotted and studied in a two-dimensional graph 𝜓𝑃𝐷 𝑣𝑠 𝑖𝐺 − 𝐴𝑝𝑒𝑥. Linear 

regressions were performed and corresponding r squared were calculated.  

 Specificity of iG-Apex to vine water status 

The objective was to study the uncertainty associated with the prediction of 𝜓𝑃𝐷 from iG-Apex. 

As a first approach, it was considered that the standard deviation may be a good proxy for the 

uncertainty of this prediction. The standard deviation of 𝜓𝑃𝐷 values was plotted for each 0.1 iG-

Apex interval.  

 Study of the factors influencing iG-Apex 

The sensitivity of iG-Apex to different factors was studied using two ANOVAs. The first ANOVA 

was performed on all 474 Vineyard_dataset observations. The objective was to test the influence 

of factors that could potentially impact the vine shoot growth under commercial conditions. The 

first factor studied was 𝜓𝑃𝐷. It was grouped into four classes (𝜓𝑃𝐷>-0.2MPa; -0.2MPa>𝜓𝑃𝐷>-

0.4MPa; -0.4MPa>𝜓𝑃𝐷>-0.6MPa; -0.6MPa> 𝜓𝑃𝐷) corresponding to vine water stress (i) mild or 

absent, (ii) mild to moderate, (iii) moderate severe and (iv) severe, respectively (Deloire et al. 

2004). The second factor studied was the cultivar as it has been shown that the genetics of the 

plant influence its shoot growth (Prieto et al. 2010). Finally, shoot growth can be influenced by 

other factors such as nitrogen access (Gaudillère et al. 2002), farming practices (Meissner et al. 

2019) or fruit load (Hardie and Martin 2000). As a first approach, it was considered that the 

influence of all these factors could be summarized in a field effect that encompassed all the 

farming practices. This analysis simply evaluated the overall effect of all these factors without 

being able to differentiate their respective contributions. The second ANOVA was performed on 

the Metrology_dataset. The objective was to test the influence of factors that could potentially 

impact the iG-Apex measurement process. The reproducibility and repeatability of the 

measurement were evaluated by studying the operator effect and the effect of the repetition of 

the same measurement by the same operator, respectively.  

3.3.7 Graphs 

All analyses and graphs were performed with R 3.6.1 (R Core Team, 2020). 

3.4 Results and discussion 

3.4.1 Relationship between iG-Apex and 𝜓𝑃𝐷  

Results obtained with the 474 measurement of the Vineyard_dataset highlight a clear linear 

relationship (r2 = 0.97) between classes of iG-Apex and the mean 𝜓𝑃𝐷 observed for each 

considered class (Figure 20). The lower the iG-Apex, the lower the average 𝜓𝑃𝐷. Low iG-Apex 

values corresponded on average to vines experiencing water restriction. This result clearly shows 
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that iG-Apex is related to vine water status and that it can be used as a relevant surrogate in 

commercial situations. However, for extreme class of iG-Apex (iG-Apex < 0.1 and iG-Apex > 0.9), 

the general trend highlighted by figure 20 is less straightforward. For example, for iG-Apex class 

> 0.9 a plateau is clearly observed showing that mean 𝜓𝑃𝐷 for this iG-Apex class is not that 

different from mean 𝜓𝑃𝐷 observed for the next class (iG-Apex = [0.8; 0.9]). The next section 

provides an insight to better understand the relationship between iG-Apex and 𝜓𝑃𝐷 for these 

extreme values in order to identify the range of validity of this relationship. 

 

 

Figure 20: Mean of Predawn Leaf Water Potential (𝜓𝑃𝐷) depending on iG-Apex values for the 

474 observations of Vineyard_dataset.  

3.4.2 Validity range of iG-Apex 

Figure 21 shows relationship between classes of iG-Apex and the mean 𝜓𝑃𝐷 observed for extreme 

class of iG-Apex values (iG-Apex < 0.1 and iG-Apex > 0.9).  

For observations having a high shoot growth (iG-Apex >0.9), 𝜓𝑃𝐷 vary over the whole range from 

-0.3 MPa to 0 MPa (Figure 21b). In this range, the linear model (𝜓𝑃𝐷 vs iG-Apex) explains only 

a very small part of the variability (r2=6.8x10-3). This result can be interpreted by the fact that 

shoot growth is not impacted by differences in water restriction when this latter is very low. Under 

these conditions, all the apexes were in full growth and the iG-Apex values remained very close to 

1. The upper threshold of validity for the relationship between 𝜓𝑃𝐷 and iG-Apex is close to -0.2 

MPa. These results are consistent with the scientific literature indicating that between 0 and -0.2 

MPa, no real water restriction can be considered (Deloire et al. 2004).  

When water restriction is high (𝜓𝑃𝐷 < -0.8MPa), almost all observations showed very low shoot 

growth with iG-Apex of zero or very close to 0 (Figure 21a). Again, in this case, the linear model 

(𝜓𝑃𝐷 vs iG-Apex) explains only a very small part of the variability in this range (r2=1.6x10-2). This 

result shows that beyond a given water restriction threshold (around -0.8 MPa), the shoot growth 
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of all the apexes has stopped. When the vine water status kept on decreasing, the apexes remained 

in the same state and the iG-Apex indicator is no longer sensitive to variations in vine water 

status. This result is consistent with the work carried out on potted vines by Schultz and Matthews 

(1988) who demonstrated that leaf and internode growth are very low for 𝜓𝑃𝐷 around -0.8 MPa 

and completely stopped for 𝜓𝑃𝐷 of -1 MPa. 

 

 

Figure 21: Scatter plots of Predawn Leaf Water Potential (𝜓𝑃𝐷) vs iG-Apex for: (a) observations 

with strong water restriction (𝜓𝑃𝐷< -0.8) and (b) observations with active shoot growth (iG-Apex 

> 0.9).  

For vine water status monitoring purposes, the range of validity of iG-Apex to be considered is 

therefore approximately between -0.8 MPa and -0.2 MPa. Outside this range, the observation of 

shoot growth cannot be used as a surrogate to estimate vine water status. 

3.4.3 Specificity of iG-Apex to vine water status 

The uncertainty associated with the estimation of 𝜓𝑃𝐷 from iG-Apex can be estimated by the 

standard deviation of 𝜓𝑃𝐷 values observed for the same iG-Apex value. This standard deviation is 

relatively small (around 0.06 MPa) for high iG-Apex and higher (around 0.20 MPa) for low iG-

Apex (Figure 22). The lower the iG-Apex, the higher the uncertainty in the relationship between 

𝜓𝑃𝐷 and iG-Apex. 
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Figure 22: Standard deviation of Predawn Leaf Water Potential (𝜓𝑃𝐷) depending on iG-Apex 

values for the 474 observations of Vineyard_dataset. 

This result may show that in our conditions, the vine water status is not the only factor influencing 

iG-Apex. For example, a low value of iG-Apex may correspond to a high water restriction but may 

also correspond to a moderate water restriction with another factor limiting shoot growth (e.g. 

access to nitrogen). For low values, iG-Apex may therefore be less specific to the vine water 

status and may be influenced by other factors. The objective of the following section is to study 

the relative influence of these other factors in the context of the experiment. 

3.4.4 Study of the factors influencing iG-Apex 

As expected, the class of 𝜓𝑃𝐷 is the main factor explaining the variability of iG-Apex (Table 6). 

This factor explains 96.4% (Mean square = 12.728) of this variability. This result is in accordance 

with the relationship presented in Figure 20). Compared to similar observations made either in 

controlled conditions (Pellegrino et al. 2005) or on a small number of fields (Martinez-De-Toda 

et al. 2010), this result confirms the relevance of iG-Apex under commercial conditions and on a 

large diversity of fields to monitor vine water status in commercial conditions. Farming practices, 

estimated through the field effect, have a less significant effect (p-value < 0.01) on iG-Apex values 

explaining only 0.005% of variability (Mean square = 0.065). In this experiment, field effect 

includes all the factors related to vineyard management (fertilisation, weed control, trellising 

system, etc.) that are likely to affect iG-Apex. Two hypotheses may be formulated for interpreting 

this relatively low field effect. Either this effect is very low compared to the vine water status one, 

or the vineyard management is relatively similar in the zone under consideration. Cultivar had a 

significant effect (p-value < 0.001) although the proportion of variability explained by this factor 

was only 2.8% (Mean square = 0.371).  
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Table 6: Results of the ANOVA performed on 474 iG-Apex observations of Vineyard_dataset 

with three factors (cultivar, classes of 𝜓𝑃𝐷 and field). 

 Degrees 
of 
freedom 

Sum of 
Squares 

Mean 
Squares 

F-value Probabilit
y 

 

Class of 𝜓𝑃𝐷 3 3.82*101 1.27*101 3.22*102 <2*10-16 *** 

Cultivar 3 1.11 3.71*10-1 9.39 5.16*10-6 *** 

Field 54 3.50 6.48*10-2 1.64 4.36*10-3 ** 

Residuals 414 1.63*101 3.93*10-2    

 

This cultivar effect is illustrated by the curve of average 𝜓𝑃𝐷 versus iG-Apex for the two cultivars 

: cv. Cinsault and cv. Grenache (Figure 23). For the same range of iG-Apex, lower average 𝜓𝑃𝐷 

are observed for cv. Grenache than for cv. Cinsault. When considering variety, the standard 

deviation of 𝜓𝑃𝐷 is lower and therefore the prediction uncertainty is reduced if only one cultivar 

is considered. This result is consistent with the work carried out in ecophysiology (Prieto et al. 

2010). Although the cultivar effect on iG-Apex variability is small compared to the water 

restriction effect, this result shows that taking into account the cultivar is an interesting way to 

improve the accuracy of the estimation especially for moderate to high water restriction levels (< 

-0.5 MPa). Our experiment does not bring sufficient material to conclude whether a specific model 

would be necessary for each cultivar or if models for a few groups of cultivars with similar 

behaviour would be sufficient in a commercial context.  

 

Figure 23: Mean and standard deviation of Predawn Leaf Water Potential (𝜓𝑃𝐷) depending on 

iG-Apex values for the 236 observations made on cv. Cinsault and cv Grenache out of the 474 

observations of Vineyard_dataset. 
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Considering the measurement process of iG-Apex and the factors that may influence it, the 

ANOVA shows that neither the operator nor the repetitions by the same operator have a 

significant effect on the iG-Apex values (Table 7). This result indicates that the method is 

repeatable and reproducible. Remember that this experiment was conducted on purpose with non-

expert users. Under these conditions, the results observed reinforce the repeatability and the 

reproducibility of the method. 

Table 7: Results of the ANOVA performed on 54 iG-Apex observations with two factors (operator 

and repetition). 

 Degrees of 
freedom 

Sum of 
Squares 

Mean 
Squares 

F-value Probabilit
y 

 

Operator 5 1.73*10-1 3.46*10-2 1.22 3.17*10-1  

Repetition 2 3.0*10-3 1.51*10-3 5.30*10-2 9.48*10-1  

Residuals 46 1.31 2.85*10-2    

3.4.5 Considerations for using iG-Apex to estimate vine water restriction in a 

commercial context  

iG-Apex is a relevant indicator for the operational estimation of vine water status. This study 

demonstrates that it can be used for low to moderate water stress (from -0.3 MPa to -0.8 MPa) 

and in particular for dynamic monitoring of vine water status at field level. However, for 

operational use, it is important to note that iG-Apex is not able to make the distinction between 

a field with moderate to strong water restriction and a field with very strong water restriction. In 

both cases, iG-Apex values will be close to 0 but the first field will produce good quality grapes 

while yield and grape quality of the second field will be reduced. iG-Apex is therefore an approach 

that can be used at the beginning of the season to identify the onset of water restriction. However, 

this approach is less relevant for in-season monitoring of fields undergoing moderate to severe 

water restriction.   

iG-Apex is based on the observation of the vine's response to water restriction. It provides 

information on the water restriction experienced by the plant during the few days before the 

measurement but not on vine water status at the exact moment of the measurement. This method 

is therefore particularly suitable for regions where summer rainfall is rare and onset of water 

restriction is rather linear. On the other hand, the relationship between iG-Apex and PHFB may 

not be valid in regions where summer rainfall is more frequent or in irrigated fields. iG-Apex 

therefore seems particularly suitable for use in regions with a Mediterranean climate and on non-

irrigated vineyards. 

According to the measurements characteristics (repeatability and reproducibility) of iG-Apex, it is 

possible to compare observations acquired by different operators. This approach can then be used 

to compare vine water status dynamics of two different fields planted with the same cultivar in a 

neighbourhood of a few kilometres. Nevertheless, interpretations must be tempered taking into 

account other biotic or abiotic factors that are likely to influence shoot growth for moderate to 

high water restriction. Comparing dynamics of two fields with different cultivars is also possible 

since cultivar effect remains small compared to water restriction effect. However, iG-Apex values 
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from two different cultivars must be interpreted with caution especially for moderate to high water 

restriction.  

The study highlights the potential complementarity between iG-Apex and other reference methods 

such as 𝜓𝑃𝐷 as decision support. The low material and human cost of iG-Apex measurements 

offers the possibility to carry out numerous observations with a regular frequency and at many 

sites at the beginning of the season, i.e. before high or moderate water restriction occurs. In these 

conditions iG-Apex values are relevant and accurate even when performed by several operators on 

different cultivars. With an increasing water restriction, if vine water status monitoring requires 

accurate estimation, iG-Apex may be less appropriate since it is less specific to water restriction. 

In these latter conditions, reference values like 𝜓𝑃𝐷 may be more appropriate. The uncertainty 

(standard deviation) as presented in Figure 22 may constitute a decision support to decide when 

it is necessary to switch from one method to the other. In commercial conditions, such a strategy 

is relevant since it benefits from advantage of both approaches either to minimise operational 

constraints or to maximise accuracy. Indeed, the uncertainty threshold to decide the change from 

iG-Apex to a reference method has to be defined by the users according to expected accuracy in 

vine water status monitoring. 

For the practitioner, this strategy can also be guided on the basis of empirical knowledge of spatial 

variability. Indeed, many studies have shown a significant spatial variability of vine water status 

at different spatial scales (Acevedo-Opazo et al. 2008; Taylor et al. 2009). This variability is 

stable over time because it depends on stable environmental parameters, in particular the soil 

(Kazmierski et al. 2011). Starting the monitoring of vine water status can then be carried out 

preferentially in zones where the shoot growth stop is the most important and therefore where 

the vine is the most likely to experience water restriction early in the season. This strategy, 

implemented at field or farm scale, can also be implemented at a larger scale. For example, at a 

small territory scale such as a cooperative, iG-Apex observations can be collected each week by 

winegrowers and shared with their advisors. The latter can thus identify areas of early onset of 

water restriction on which to focus their monitoring with 𝜓𝑃𝐷. 

Although the iG-Apex approach is relatively simple, it does require a number of tedious and time-

consuming operations, i.e. counting, classifying apex, calculating iG-Apex values and recording 

date and location for each measurement. To date, these practicalities have limited the widespread 

use of this approach. The development of mobile applications simplifying all of these operations 

(See Chapter 5:) should encourage the adoption of this approach by winegrowers and their 

advisors. This study should help operators in using it as rigorously as possible. 

Finally, future research is needed to better characterise the relationship between iG-Apex approach 

and reference method, particularly as a function of cultivar or group of cultivars. It is also 

important to remember that this study is considering only the shoot growth of first order branches. 

However, it is widely accepted that second order branches are not influenced in the same way by 

water restriction (Pellegrino et al. 2005). In some wine-growing regions, particularly in the south 

of France, shoot trimmings are frequent, which favours the growth of second order branches. 

There is currently no reference that would allow this different response to be taken into account 

in order to adapt the iG-Apex calculation. This issue could be the subject of future investigations 

if the method is developed in the wine industry. 
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3.5 Conclusion 

This study showed that a relationship could be established between a method of vine shoot 

growth, i.e. iG-Apex, and a reference method for monitoring the vine water status, i.e. 𝜓𝑃𝐷. These 

results obtained on measurements carried out on several cultivars and several vintages 

demonstrated that an approach based on the observation of vine shoot growth can be used as an 

operational tool for monitoring vine water status in vineyard conditions. The validity range of the 

approach goes from -0.2 MPa to -0.8 MPa. Although vine water status is the main factor 

explaining variations of shoot growth, the approach is not specific to it. This approach is sensitive 

to other factors such as cultivar or farming practices that may affect the measurement, especially 

for high water restriction. It can be used alone or jointly with reference methods to increase the 

number and frequency of observations. Thanks to the good metrological qualities of this approach, 

it is possible to share observations made by several operators to do monitoring over large spatial 

areas. Nevertheless, for decision support purposes, other biotic or abiotic factors that may 

influence shoot growth must be taken into account in the interpretation of iG-Apex observations. 

The development of dedicated tools, such as a mobile application, should encourage the use of 

this approach and the sharing of observations between different operators of the same area. 
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Chapter 4: Characterising within-field 

variability of vine water status with simple 

visual observations of shoot growth 

 

 

The objective of chapter 4 is to demonstrate that iG-Apex method can also be used to characterise 

the within-field variability of vine water status (specific factor USEFUL). The question explored 

in this chapter is: "Is the uncertainty associated with iG-Apex method low enough to allow 

participants to characterise vine water status at within-field level and to identify the optimal period 

for using this method as an operational decision support tool?" 
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4.1 Details about the corresponding paper 

4.1.1 Title of the paper 

This chapter has been accepted as an oral presentation in the 13th European Congress on Precision 

Agriculture (ECPA – Budapest – July 19th to 22th 2021) under the title “Characterising within-

field variability of vine water status with simple visual observations of shoot growth”. The 

proceedings will be published in the Precision Agriculture journal.   

4.1.2 Authors 

Leo Pichon1, Octave Bopp1, Bruno Tisseyre1 

1ITAP, Institut Agro Montpellier, INRAE, Univ. of Montpellier, Montpellier, France 

4.1.3 Abstract 

Existing vine water status monitoring tools are often complex and expensive. Shoot growth 

observations have been demonstrated to be an interesting alternative for field-level management 

but not yet at the within-field scale. The study reported in this paper was conducted to determine 

whether a simple shoot observation method could be satisfactorily used to characterize the spatial 

structure of shoot growth related to water stress at within-field scale. Based on a geostatistical 

approach, this study showed that shoot growth observations can be used to delineate within field 

management zones of vine water status if observations are made by a single operator and during 

periods when vine water stress is increasing. 

4.1.4 Key words 

Decision support, precision viticulture, spatial analysis, Vitis vinifera 

4.2 Introduction 

Monitoring vine water status is a major issue for vineyard management as it influences both the 

quantity and quality of the harvest (Zufferey et al. 2017). Several authors have demonstrated the 

importance of monitoring vine water status from the regional scale (Baralon et al. 2012) to the 

field scale (Taylor et al. 2009) and down to the within-field scale (Tisseyre et al. 2005). At the 

within-field scale, this information helps winegrowers and their advisors to take both tactical 

(pruning, canopy management, irrigation) and strategic (planting resistant grape varieties, setting 

up shadings) decisions. Many tools have been developed to monitor vine water status (Rienth and 

Scholasch 2019) and estimate its spatial variability. Among them, reference methods, such as the 

pressure chamber (Scholander et al. 1965), often require specialised equipment and specific skills. 

In a commercial context, operational constraints usually limit the use of these reference methods 

and they are rarely used to characterize the vine water status at the within-field scale. Methods 

giving access to high spatial resolution information (Tisseyre et al. 2007) have also been proposed 

such as remote sensing images or soil electrical resistivity maps. However, these sources of 
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information remain costly and difficult to use for precise temporal monitoring. Moreover, they 

often require a calibration step that can be difficult to implement in a commercial context. 

In order to tackle these issues, Martinez-De-Toda et al. (2010) proposed a method to estimate 

the vine water status from shoot growth observations. This method hypothesises that water 

availability is the main factor affecting vine growth. It is based on the classification of apexes (tips 

of the vine shoots) into three categories: i) apex in full growth (FG) when organo-genesis is active, 

ii) apex in moderate growth (MG) when organo-genesis is reduced, and iii) apex with stopped 

growth (SG) when the apex has fallen off or dried out. Rodriguez Lovelle et al. (2009) proposed 

to implement this method by doing 50 observations across 10 vines and summarizing them in an 

𝑆 index (Equation 2). 

𝑆 = 𝑤𝐹𝐺𝑆𝐹𝐺 + 𝑤𝑀𝐺𝑆𝑀𝐺 + 𝑤𝑆𝐺𝑆𝑆𝐺 Equation 2 
 

where 𝑤𝐹𝐺, 𝑤𝑀𝐺, 𝑤𝑆𝐺 are the proportions of full growth, moderate growth and stopped growth 

apexes, respectively, and 𝑆𝐹𝐺, 𝑆𝑀𝐺, 𝑆𝑆𝐺 are the coefficients associated with each type of apex.  

Although based on visual observations, Rodriguez Lovelle et al. (2009) demonstrated that the 

uncertainty associated with this protocol was acceptable to characterize the vine water status at 

the field level. However, this method has never been tested at the within-field scale. At this scale, 

it may be of interest to delineate water status zones at a low cost; however, it raises issues related 

to the observations’ uncertainty that may be too high to highlight short scale variability in vine 

water status. Therefore, the objectives of this study were to determine if the uncertainty 

associated with this method is sufficiently low to enable growers to characterize the within-field 

vine water status spatial structure and to identify the optimum period for using this method as 

an operational decision support tool. 

4.3 Material and methods 

4.3.1 Method for collecting observations 

The French Vine and Wine Institute (IFV) recommends using the equation proposed by Martinez-

De-Toda et al. (2010) (Equation 2) with the coefficients 𝑆𝐹𝐺, 𝑆𝑀𝐺, 𝑆𝑆𝐺 set to 1, 0.5 and 0, 

respectively, to suit production conditions in the south of France (Payan, 2020). These settings 

define an index called the Index of Growing Apex (iG-Apex), which was considered to be the most 

appropriate index based on Equation 2 in the context of this study. The iG-Apex index varies 

between 0 and 1, typically with values generally to 1 around flowering and then decreases, with 

increasing water stress, to values close to 0 around veraison. 

4.3.2 Study fields 

Observations were collected in 2020 on two non-irrigated grapevine (Vitis vinifera) fields located 

near Corbières in southern France (Figure 24a) (WGS 84: latitude=43.1692; longitude=2.5629). 

One field was planted with cv. Grenache in 1989 and the other with cv. Syrah in 1995, with 

respectively an area of 1.3 and 0.8 ha and an elevation of 190 and 95 m. Plantation density was 
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4000 vines per ha for both fields. Training and management practices were typical for this 

viticulture region. 

During the season, a single rainfall event of 38 mm was observed on July 23rd (week 30). The 

Grenache field was uniformly trimmed on July 9th (week 28). No canopy management operations 

affecting shoot growth were carried out on the Syrah field. 

4.3.3 Sampling 

There were 101 and 98 sampling sites on the Syrah (Figure 24b) and Grenache (Figure 24c) 

fields, respectively. The sites were defined on a regular grid to which a random distance was added 

to each point to introduce variance in distances between sites.  

 
Figure 24: (a) Location of the fields in southern France and location of points within the fields, 

(b) Syrah with n =101 samples, and (c) Grenache with n = 98 samples. (d) The timings of the 

weekly iG-Apex observations from early June to late August are indicated by points in the calendar, 

along with the timing of canopy management and rainfall events. 
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At each sampling site, 50 apex measurements over 10 consecutive vines were collected by a single 

operator using the ApeX-Vigne smartphone application (See Chapter 5:). Each apex was classified 

as one of three categories (FG, MG or SG) and iG-Apex calculated by the Apex-Vigne app. For 

each sample site, the position of the fifth vine was geo-referenced using a GNSS receiver (R1, 

Trimble, Sunnyvale, USA) with a SBAS/EGNOS correction service. The iG-Apex observations 

were carried out weekly at every sampling site in both fields from week 24 to week 34, i.e. from 

flowering to veraison (Figure 24d). 

In addition, specific iG-Apex observations were performed on July 25th on the Syrah field in order 

to i) assess the variance due to repeatability and reproducibility of the measurement and ii) to 

compare it to the within-field variance. These iG-Apex observations were performed by six 

different operators replicated three times at the same site and analysed using ANOVA. 

4.3.4 Analysis of variance and spatial structure 

As a first approach, iG-Apex dynamics were studied for each field by following the evolution of 

their mean and variance during the season. Then, the spatial structure of each field was studied 

and illustrated by variography and mapping of iG-Apex. Finally, the operational feasibility of 

implementing this approach was assessed by comparing the spatially structured variance to the 

variance due to operator and repetition effects.  

The analysis of the iG-Apex within-field spatial structure was carried out using semi-variograms 

at every date. Semi-variogram models were fitted with the gstat package using REML (Pebesma, 

2004). When the model was second order stationary, the estimated stochastic variance (nugget 

effect - C0) and spatially structured variance (C1) were extracted. When the model was non-

stationary, stochastic variance (C0) was extracted and the total variance of the field was 

considered as an estimate of C1 + C0. These characteristics were extracted for each week of the 

study period for both fields.  

The evolution of total variance and the spatially structured variance were studied using the indices 

C1 + C0 and C1/(C1+C0) respectively. Interpolated maps were generated by ordinary kriging. 

Operator and repetition effects were evaluated with ANOVA after testing homoscedasticity with 

the Levene test. Maps were created with Qgis 3.4.8-Madeira (QGIS Development Team, 2020) 

and geostatistical analyses, graphs and ANOVA with R 3.6.1 (R Core Team, 2020). 

4.4 Results and Discussion 

4.4.1 Temporal evolution of iG-Apex 

Both fields showed similar iG-Apex temporal dynamics (Figure 25). The mean iG-Apex of these 

two fields was close to 1 in week 24 and then gradually decreased and approached or equalled 

zero in week 34. This progressive slowdown in shoot growth can be explained by the high 

evaporative demand during summer with no rainfall leading to the gradual occurrence of water 

stress. The rainfall event observed in week 30 did not significantly influence this trend. These 

results are consistent with the literature (Martinez-De-Toda et al. 2010) and confirmed the value 
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of iG-Apex to monitor water status at field level when water availability is the main driving factor 

of vine growth. 

 

Figure 25: The two fields planted with Syrah (101 observations) and Grenache (98 observations) 

have similar iG-Apex temporal dynamics throughout the season with a gradual cessation of growth 

between weeks 24 and 34. 

4.4.2 Temporal evolution of iG-Apex’s total and spatially structured variances 

For both study fields, total variance was low at the beginning and at the end of the season and 

relatively high between weeks 26 and 30 (Figure 26a). Over the same period, the spatially 

structured variance followed the same trend, reaching values >60 % of total variance between 

weeks 26 and 30 (Figure 26b). The stochastic (random) variance, although not negligible, 

remained lower during this period.  

Evolution of variance over the season was mainly explained by changes in the spatially structured 

variance. This can be related to within-field variability of environmental factors that affect vine 

available water (e.g. soil composition, topography). Vine shoot growth in zones with low water 

availability was affected (slowed and stopped) earlier and was reflected by an earlier decrease in 

iG-Apex. Conversely, vine shoot growth in zones with high water availability was affected later 

leading to a delay in the decline in iG-Apex. The heterogeneity in vine available water in both 

fields resulted in an increase in the total variance observed at the within-field level when water 

restriction was increasing (from week 24 to week 30). Later in the season (from week 30 to week 

34), total variance (Figure 26a) and spatially structured variance (Figure 26b) both decreased as 

the majority of apexes had stopped growing, generating observed iG-Apex values close to zero.  

However, even if the dynamics were similar for the two fields, the total variance and spatial 

structure increased earlier and decreased later for the Syrah field compared to the Grenache field. 

These differences can be explained by the characteristics of the fields (cultivar, soil type, etc.) 

but this short study does not permit further investigations here into their respective influence. 
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Figure 26 : The total variance (C1+C0) of iG-Apex observed at the intra-field scale increased and 

then decreased through the season for the two fields planted respectively with Syrah (green line; 

n = 101) and Grenache (grey line; n = 98) (a). The proportion of this variance that is spatially 

organised (C1 / (C1 + C0)) also increased and then decreased (b).  

Another point of note is the response in week 29 for the Grenache field that showed a sharp 

decrease in total variance (Figure 26a) and spatially structured variance (Figure 26b) immediately 

after a canopy trimming operation in the field. By trimming shoots uniformly over the field, this 

canopy management operation homogenized the observed shoot growth a few days later, reducing 

the total variance and completely masking the spatial structure. However, by 10 days after 

trimming, shoot growth had restarted; subject to water availability, the total variance had 

increased and the spatial structure was present again. While trimming had a marked effect on 

variance, the rainfall event in week 30 did not appear to influence the iG-Apex response. 

From an operational point of view, these results showed that the period around weeks 28-30 was 

the best period for characterising the within-field spatial structure of iG-Apex. If invasive canopy 

management is planned, then observations should preferably be made before canopy operations. 

If this is not possible, then a delay of approximately ten days appeared to be sufficient to allow 

the spatial structure in iG-Apex to be re-expressed at the within-field scale. In the conditions of 

this study, week 28 showed the highest spatial variability and this date was chosen for variography 

analysis and to map iG-Apex.  
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4.4.3 Mapping of iG-Apex’s within field variance 

 

Figure 27: Experimental and model semi-variograms of the iG-Apex for week 28 for both study 

fields planted respectively to Grenache (a) and to Syrah (b) highlight a significant spatial 

organisation of iG-Apex values . The corresponding maps (c and d) confirm this spatial structure 

and illustrate the related spatial patterns.  

The semi-variograms for the two fields exhibited a second order stationary phenomena with ranges 

of ~60 m. The C1/(C1+C0) ratio was respectively 0.74 and 0.61 for Grenache (Figure 27a) and 

Syrah (Figure 27b) indicating a strong spatial structure in both cases. These spatial structures 

are illustrated by the corresponding kriged maps. The Grenache field map (Figure 27c) shows a 

zone with weaker shoot growth in the south and centre of the field, while the Syrah field map 

(Figure 27d) shows a south-west to north-east gradient. In both cases, these spatial structures 

of iG-Apex values are driven by spatial patterns of environmental factors i.e. topography, variability 

of soil characteristics and their resulting influence on vine water availability.  

4.4.4 Study of operator effect 

In order to study the possibility of implementing within-field iG-Apex mapping in an operational 

context, it is important to compare the characteristics of the studied phenomenon (C1, C0) to 

the metrological characteristics of the method. The ANOVA indicated that, for iG-Apex 

observations, the variance due to the measurement effect was 2.8e-04 (results not shown). By 

way of comparison, the nugget effect (stochastic variance) was respectively 7.1e-04 and 6.9e-04 

for the Grenache (Figure 27a) and Syrah (Figure 27b) fields in week 28. Therefore, approximately 

40% of the observed random variance was estimated to be due to measurement uncertainty. The 

rest of the stochastic variability can be explained by the phenomenon of shoot growth, which can 

vary over very short distances (inter-shoot or inter-plant variability). Nevertheless, this stochastic 

variance was very small compared to the spatially structured variance, 2.0e-03 and 1.1e-03 
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respectively for the Grenache and Syrah fields (Figure 27a-b). Results of observations collected 

by six different operators indicated that the operator had a significant effect on the mean iG-Apex 

(p-value = 5.6e-07) as variance due to the operator effect was 1.0e-02. 

These results demonstrated the relevance of using iG-Apex to produce maps of shoot growth and 

to identify spatial water restriction patterns at the within-field level, when observations are 

collected by the same operator. Although based on a subjective human observation, this approach 

is still relevant to be used as a decision support tool by winegrowers and their advisors to identify 

and manage within field vine water restriction zones. However, as it is subjective, it is prone to 

operator error. The factor of 10 difference that exists between the variance due to the operator 

effect and the spatially structured variance clearly indicated that this type of map should only be 

produced from observations collected by a single operator. Future work may explore the possibility 

of reducing the operator effect, either before measurement by setting up a calibration procedure 

between operators or after measurement by using homogenisation methods, such as those 

developed by Pichon et al. (2019).   

For a practical implementation, the identification of the optimal observation period will be a major 

issue. One option could be to carry out, at the beginning of the season, a temporal monitoring of 

a few zones based on targeted sampling from ancillary data e.g. free remote sensed images. When 

the variance between the different zones exceeds a given threshold, the acquisition of spatially 

dense iG-Apex observations would be triggered to produce a map. Future research may be set up 

to develop and test this method in real conditions and to define relevant variance thresholds to 

implement it. 

4.5 Conclusion 

Although the measurement is based on human observations, the Index of Growing Apex (iG-Apex) 

can be used at the within-field scale to highlight zones with different water status of non-irrigated 

vineyards. The iG-Apex maps have the advantage of being produced at a low cost and represent 

an interesting decision tool for small wine producers in the south of France who do not have the 

capacity to invest in expensive methods. However, this work showed that care must be taken with 

data collection as the operator effect remains significant. Ideally, observations should be collected 

by the same operator. In the case where several operators are involved, iG-Apex will require a 

preliminary phase of calibration between operators and/or observations would need to be 

homogenised. The best time to characterise within field variability using iG-Apex is the middle of 

summer (July), before veraison, when the spatial structure is the strongest. Finally, this work 

helped to identify future research issues for the joint use of iG-Apex maps with other easily 

accessible sources of information. 
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Chapter 5: ApeX-Vigne: a platform 

designed for collecting farmsourcing spatial 

observations 

 

 

The objective of chapter 5 is to demonstrate that the ApeX-Vigne mobile application is easily 

accessible and usable by potential participants (specific factor ACCESIBLE), that it enables data 

to be collected according to a standardised protocol (specific factor STANDARDIZED) and that 

it records contextual information on the observations gathered (specific factor METADATA). 

The question explored in this chapter is: What methodological and technological choices should 

be made to provide an easily accessible and ergonomic mobile application that enables the 

collection and centralisation of standardised, dated and geo-referenced vineyard observations?  
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5.1 Preliminary comment on the development of ApeX-Vigne 

application  

The beta version of ApeX-Vigne mobile application was developed and tested in 2018. The app 

was officially launched in 2019 and improved in 2020 and 2021. Three types of stakeholders were 

involved in the development of the application:  

- Development team: This team was composed of a project manager in charge of leading 
the project and prioritizing the main decisions and a developer in charge of the design and 
the implementation of technical solutions. 

- Expert users: Three expert users were involved in the project. These experts came from 
advisory and support structures such as the French Technical Institute of Vine and Wine 
(IFV). They were particularly involved in the project and familiar with shoot growth 
observations. They were able to synthesize the expectations of many potential users.  

- Beta testers: These people were farmers and advisers, simple users of the application. 
Twenty beta testers were involved in the project. They agreed to use the beta version of 
the application in 2018 (one year before the official launch of the application) and to share 
their feedbacks. 

The ApeX-Vigne application was developed according to the principles of agile methods (Mahmud 

and Abdullah 2015) which favour short development cycles with frequent discussions between 

development team and users. The first 3 cycles were carried out in 2018, before the period during 

which shoot growth observations were gathered (Figure 28). During these cycles, the development 

team interacted only with expert users. Cycle 4 took place during the 2018 observation period 

after the feedbacks of beta testers. Cycle 5 took place just before the official launch of the 

application on June 3rd 2019. Communication was made to the wine industry mainly through the 

viticulture technical press (See Appendix 9.2). Cycles 6 and 7 were made just before observation 

periods of years 2020 and 2021, respectively. Their objective was to fix existing bugs and to 

improve some aspects of the application.  

 

Figure 28: Development cycles of ApeX-Vigne mobile application  
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This chapter of the manuscript was written at the end of 2018, between development cycles 4 

and 5. At this point of the project, several concepts were still being defined and have evolved 

since then. In this chapter, the application was called "ApeX" instead of "ApeX-Vigne" and the 

method used to summarize shoot growth observations was the Shoot Tip (STI) Index instead of 

iG-Apex. The principles remain the same and these terms can be considered synonymous for the 

purpose of the thesis. The design of the application has also changed and screenshots of the latest 

version can be found on Appendix 9.1. The main interest of this chapter lies in the material and 

methods of this article, which presents the technological choices that have been made. The results 

obtained at the time the article was written were partial. Data collected between development 

cycles 6 and 7 will be presented and analysed in detail in the next chapter (Chapter 6:). 

5.2 Details about the corresponding paper 

5.2.1 Title of the paper 

This chapter was published in the proceedings of the 12th European Conference on Precision 

Agriculture under the title “Easy water stress detection system for vineyard irrigation 

management”. (https://doi.org/10.3920/978-90-8686-888-9) 

 

5.2.2 Authors 

G. Brunel1, L. Pichon1, J. Taylor1 and B. Tisseyre1 

1ITAP, Irstea, Montpellier SupAgro, Univ. of Montpellier, Montpellier, France 

5.2.3 Abstract  

The monitoring and management of vine water stress is a major issue for many vineyards. A 

method based on the observation of shoot tip growth makes it possible to determine the water 

stress of plants without the drawbacks of standard instrumental methods. However, this "shoot 

tip" method is rarely used in the field, as observations and index calculations need to be done 

manually. Therefore, while the data collection can be relatively quick, data interpretation is not 

well supported. This article presents a mobile application, ‘Apex’, developed to answer this 

challenge. The Apex application allows a simple and fast recording of observations and a pooling 

of spatialized observations. The developed application makes it possible to envisage the 

collaborative water stress monitoring with crowdsourcing observations. 

5.2.4 Keywords:  

Vine water status, shoot tip index, smartphone application, Vitis vinifera 

https://doi.org/10.3920/978-90-8686-888-9
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5.3 Introduction 

Many authors have demonstrated the significant role of water status in vine behaviour and berry 

composition (Cifre et al. 2005). Monitoring vine water status is of importance for yield and quality 

management purposes. The vine water status naturally changes over time according to the 

climatic characteristics of the season. In addition, many authors have shown that it presents a 

significant spatial variability at different scales: at the within field level (Tisseyre et al. 2005), at 

the vineyard level (Taylor et al. 2009) and at the regional scale (Baralon et al. 2012). 

Characterizing the temporal and the spatial variability of vine water status is therefore of 

paramount importance at these different scales to provide the wine industry with relevant decision 

support tools: either for irrigation scheduling or for other management practices in the case of 

non-irrigated vineyards. 

Several standard instrumental methods have been proposed to measure plant water status 

(Acevedo-Opazo et al. 2008). However, these are not easy to obtain, since they are manual 

techniques requiring heavy materials and specific skills. These constraints make systematic spatio-

temporal vine water status measurements difficult to carry out and time-consuming. In order to 

overcome these constraints, simple alternative approaches have been proposed (Acevedo-Opazo 

et al. 2008). Among them, the shoot tip index (STI) proposed by Trambouze et al. (2009) and 

Rodriguez Lovelle et al. (2009) is of interest as it is based on simple observations of vine shoots. 

Although more imprecise than standard methods, it has the advantage of being easily achievable 

without expensive equipment and by inexperienced operators. This method is therefore interesting 

to monitor temporal and spatial changes in vine water status when several operators may be 

involved (workers, growers, advisors) in collecting observations.  

However, the STI method has some limitations that limits its dissemination: i) it requires the 

observers to count the Apex (end of shoots) of approximately 50 shoots and to class them into 

three different classes (full growth, moderate growth, growth stopped), ii) the STI needs to be 

calculated based on the Apex observations and then iii) the observed STI value needs to be 

recorded and transferred to a database with additional information, like the time and the location 

of observation. Although simple, these different operations can be cumbersome because they 

require information to be recorded and a calculation to be made in the field. The aim of this 

article is to present a mobile application, called ApeX, whose purpose is to tackle this issue by 

providing a simple tool for: i) collecting Apex notations, ii) calculating STI, iii) geo-referencing 

and timing STI observations and iv) sending STI observation to a server.  

5.4 Materials and methods 

The specifications of ApeX were defined by involving the end-users in development and the 

developments followed the precepts of UX Design (Hekkert 2011). This step made it possible to 

highlight the characteristics that defined the technical choices of the application. The main ones 

are summarized hereafter: 

- Dissemination: The application must be widely deployable to different organisations and 

stakeholders (growers, advisors, etc.) whose smartphone (model, operating system, etc.) 

may be different, 
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- Accessible: Users are not necessarily familiar with professional applications. The use must 

be simple and user-friendly while maintaining the data integrity, 

- Offline mode: Network coverage is variable according to the areas of use, the application 

must operate in offline mode as well as in connected mode. 

The developments followed the precepts of UX Design, which refers to a person's emotions and 

attitudes about using a product or service. User experience is dynamic over time due to changing 

circumstances of usage and changes to individual systems, as well as the wider usage context. 

User needs can be described in three ways: Why, What and How. "Why" corresponds to the 

motivations, values and vision of the context. "What" describes the features and functionalities 

necessary to achieve the "Why". And finally, "How" corresponds to the way of handling and 

aesthetics. As shown in Figure 29, the application design process follows an iterative cycle 

consisting of four phases based on Design-thinking methods:  

- First phase consists of discovering user needs, requirements and constraints, 

- Second phase consists of imagining all the scenarios and solutions to meet the needs. At 

the end of this phase, all participants make a pragmatic choice on the new features to be 

added, 

- Third phase consists of offering the user a visual set that is both operational and 

functional. The aim is to combine comfort of use without losing efficiency, 

- Fourth phase consists of quickly implementing the chosen characteristics and performing 

tests in real conditions by the end user. 

 

Figure 29: This diagram shows the iterative design process to discover, define, design and develop 

a digital solution that meets user needs. 

Unlike a traditional approach where a finalized solution is produced after the third phase, here the 

cycle will be renewed after a test period. This is needed because the user experience is dynamic 

and constantly changing over time. Four experts were integrated into the ApeX development 

cycles (6 complete cycles), these users were able to test and validate the various updates.  
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ApeX was developed as a hybrid app. A hybrid app is one that combines elements of both native 

and web applications. Hybrid applications execute within wrappers that are targeted to each 

platform, and rely on standards-compliant application programming interface (API) bindings to 

access each device's capabilities, such as embedded sensors, data, network status, like a native 

application. A hybrid app approach was chosen to facilitate the dissemination of the application 

across more than one platform, without having to re-implement it with each platform's language 

and tool set.  

The development of the application was programmed using Ionic framework based on Apache 

Cordova (Griffith 2017). Apache is an open-source mobile development framework, which allows 

the use of standard web technologies - HTML5, CSS3, and JavaScript - for cross-platform 

development. AngularJS is a JavaScript-based open-source front-end web application framework 

to address many of the challenges encountered in developing applications. The JavaScript 

components complement Apache Cordova. It aims to simplify both the development and the 

testing of such applications by providing a framework for client-side model–view–controller (MVC) 

and model–view–view model (MVVM) architectures, along with components commonly used in 

rich internet applications. The application uses Typescript, a superset of JavaScript, which allows 

access to a number of extra features, such as type of declarations and interfaces. JavaScript code 

runs on a NodeJS server, which is a platform built on Chrome's V8 JavaScript engine. It differs 

from other platforms in that it uses a non-blocking approach to perform I/O asynchronously. This 

workspace is coupled with Gulp, which offers a toolkit for automating time-consuming tasks in 

the development workflow (Figure 30).  

 

Figure 30: Technologies used for the development of ApeX. 

All data created and inserted into the application is synchronized with the ApeX cloud when the 

smartphone has a 4G or Wi-Fi connection. To operate in areas without a network, all data is 

stored in a local database supported by SQLite and are automatically synchronized on a MySQL 

server database when the network allows it. Communication between the smartphone and the 

server is provided by a JavaScript API. The application uses the smartphone's GNSS to locate 

observations. The web application was designed and developed to quickly and efficiently visualize 

the collected data. The web application was developed using HTML5 mark-up language, CSS3 

styling and WordPress API for a responsive web design. It automatically adjusts to different screen 

sizes, allowing it to be easily viewed on any device or at any screen resolution. 
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The ApeX app was tested by twenty users in the summer of 2018 in the Occitanie and Provence-

Alpes-Côte d'Azur regions of southern France. One session represents fifty observations of shoot 

tips in a vineyard field, which is necessary for the STI to be calculated to estimate vine water 

stress. More than 1500 sessions distributed over 270 different vine fields were collected over the 

season.  

5.5 Results 

5.5.1 Application interface 

The calculation page is divided into three areas (Figure 31a): i) a list to choose the field that the 

observation is performed in. This list is ordered according to the user's GNSS position, ii) three 

buttons for shoot tip selection. This area takes up 70% of the screen for comfort of use. Each 

button has a different vibration to indicate user choice, iii) a dynamic counter at the bottom of 

the screen to allow the user to know the number of observations made. A long vibration of the 

phone indicates the achievement of the fifty observations necessary to calculate the STI. The STI 

button is only clickable after fifty observations to compute STI. 

The home page (Figure 31b) navigates to the calculation pages and allow visualization of the 

results. For each field, the user can access i) the current growth rate of the vine (vigour), ii) the 

growth dynamics based on past and current growing STI rates and iii) a scale range of the current 

STI (water stress). To improve the quality of the user experience, other interfaces have been 

developed (instructions, contact form, field characteristics, etc…).  

 

Figure 31: Screenshot of both main interfaces of ApeX. 
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5.5.2 Spatial distribution of observations 

More than 1500 sessions (each of 50 shoot observations), from 22 operators from 7 different 

companies (extension services, advisers and research institutes) were collected with the ApeX app 

during 2018. Figure 32 shows the sessions collected at two different scales: the within-field scale 

(Figure 32a) and the regional scale (Figure 32b).  

 

Figure 32: Observations collected with Apex during 2018 in southern France, a) example at the 

within-field level, b) spatial distribution of measurements at the regional level. 

At the within field scale (Figure 32a), the 50 observations were plotted to provide more detailed 

information on the monitoring that has been carried out. Some observations were positioned 

outside the fields. This result can be explained by the low quality of the smartphone's geolocation 

sensor but also by poor operating conditions (fast switching on of the smartphone, locations with 

poor positioning signal quality etc…). All together, these problems resulted in spatial outliers. It 

highlighted the need to identify and to correct outliers before the app is made available to 

professionals.   

At the regional scale, the data were collected mainly around the Mediterranean basin (Figure 

32b). This spatial distribution of the observations was mostly driven by the location of partners 

who were interested in using the ApeX application and for whom the monitoring of water stress 

is a major issue.  

5.5.3 Temporal distribution of observations 

Figure 33a shows the number of sessions collected during the 2018 season for each two-week 

interval. The first sessions were made at the beginning of June with about fifty sessions over the 

first two weeks. The number of sessions then increased sharply to ~400 over the same interval at 

the beginning of July. It then decreased during August, with only a few sessions during September 

and October. ApeX was predominantly used to decide the date of the first irrigation during the 

dry summer period when vine water stress reached critical values. In the Mediterranean region, 

this decision is usually taken in July. The increased and decreased number of observations 

corresponded respectively to the start and end of a period of risk for the vine. Most users who 

started using the application kept on using it during the season. This indicated that it met users' 

expectations and on the other hand that its usability was satisfactory to them. 
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Figure 33: Use of ApeX over the season and examples of results (June – October) (a) the count 

of sessions made each fortnight and (b) the average recorded STI at approximately weekly 

intervals in a field. 

Figure 33b shows an example of the evolution of the STI indicator over the season in a vineyard. 

The STI was close to 0 on June 19th, corresponding to significant vegetative growth and no water 

restriction. The STI increased steadily during June, as vine growth decreased with the occurrence 

of a significant water restriction. The STI then stabilized at around 60, indicating moderate to 

weak growth between mid-July and early September. Slight variations in the STI were observed 

during this period. This information, combined with agronomic expertise, could be used to identify 

periods of water stress as a decision support vineyard management. 

5.6 Discussion 

The development of ApeX followed the MVC pattern, in which the user interface (presentation), 

functional process logic (decision rules code), computer data storage and data access were 

developed and maintained as independent modules. This application architecture provided a 

flexible model and a reusable application. By segregating an application into tiers, it was possible 

to refine the existing model or add new ones based on shoot tip analysis, without having to rebuild 

the entire application.  

The specifications of ApeX were realized by involving the end-users and the developments followed 

the precepts of UX Design. This reduced development times by directly integrating feedback and 

requests for improvement. A suggestion form was added in the first version so that the user could 

feedback directly during use. Consequently, some changes were made, for example, vibrations 

during clicks were added to allow the user to feel actions without having to check the screen at 

each observation. This basic feature was widely appreciated, as it considerably increased user 
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comfort. Users also felt involved in the application, which explains the success and the large 

amount of data collected during the first test season.  

The results of this study showed that the ApeX application allows the collection of observations 

on vine growth in a simple and rapid way. These observations were georeferenced and shared at 

different scales. This work assumed that the ApeX method has been validated by comparison with 

reference methods in previous work (Trambouze et al. 2009). New experiments will have to be 

conducted to validate whether the use of the ApeX application improves or alters the relationship 

with reference measurements. In this work, the use of the application was restricted to a limited 

number of users, but the number of sessions collected was still relatively large. When the ApeX 

app is freely released to the wider public, it should collect a very large number of sessions at very 

different scales. This wider use will be an opportunity to develop a tool to help monitor water 

stress at a large scale. However, it does raise the question of the quality of the data that will be 

produced by the application. This aspect is indeed a major challenge in the use of crowdsourced 

data (Minet et al. 2017). It will be necessary to set up mechanisms to characterize and improve 

the quality of the data collected. Finally, it seems relevant to study how this new data source, 

that provides data in large quantities of low to medium quality, can complement and enrich the 

reference data. 

5.7 Conclusion 

The ApeX application was developed to monitor vine water status using a simple and robust 

method that can potentially be used by stakeholders with very different skills. The application is 

free of charge. It is a novel decision support tool that can be an interesting alternative for small 

growers who cannot afford alternative commercial services. The version presented in this work is 

a first approach. However, after a first season of use, the results showed that users have adopted 

the application throughout the monitoring season. This indicated that it meets a need and that 

the interface is appropriate.  

The app can be used at the field or the within-field scale for temporal or spatio-temporal 

monitoring of vine water status. It can also be used at a regional scale by aggregating data, 

although one limitation remains the quality and imprecision of the information obtained with this 

type of approach. 
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Chapter 6: Evaluating the quantity of 

contributions in a farmsourcing project of 

spatial observations 

 

The objective of chapter 6 is to test hypothesis 1 and to generalise the results on specific success 

factors regarding the quantity of contributions. The question explored in this chapter is: How can 

the adoption and uses of an FSO application be evaluated? Did the ApeX-Vigne application allow 

the collection of a large quantity of observations? This chapter also gives an overview of the 

potential uses of the data collected with ApeX-Vigne at within-field, inter-field and regional scales.  
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6.1 Details about the corresponding paper 

6.1.1 Title of the paper  

This chapter was published as a full-paper in the journal “Precision Agriculture” under the title: 

“ApeX-Vigne: experiences in monitoring vine water status from within-field to regional scales using 

crowdsourcing data from a free mobile phone application”. (https://doi.org/10.1007/s11119-021-

09797-9) 

 

6.1.2 Authors 

L. Pichon1, G. Brunel1, J.C. Payan2, J. Taylor1, V. Bellon-Maurel1, and B. Tisseyre1 

1ITAP, Univ. of Montpellier, Institut Agro Montpellier, INRAE, Montpellier, France 

2Institut Français de la Vigne et du Vin, Le Grau du Roi, France 

6.1.3 Abstract  

Monitoring vine water status is a major issue for vineyard management because water constraints 

impact both the quality and the quantity of the harvest. Existing methods are often costly and 

complex to implement. ApeX-Vigne is a free mobile application developed to facilitate the 

collection and geolocation of 50 vine apex observations to characterise vine shoot growth and 

classify it into 3 growth categories. The application also provides the user with a simple estimate 

of vine water status based on shoot growth. This paper presents the results obtained over two 

seasons (2019 and 2020) after the launch of the Apex-Vigne application and its use over a large 

wine producing region in the south of France. An existing method was adapted for evaluating the 

interest of the application based on the number of installations and uninstallations. The results 

showed that the application had more than 1200 downloads and 6000 observations made in the 

2020 season. Examples from the commercially collected data showed that ApeX-Vigne can be 

used as a tool for characterizing water stress at within-field and inter-field scales. Finally, it was 

also demonstrated that by enabling the massive and centralized collection of spatial field and 

within-field scale observations of shoot growth, the ApeX-Vigne data was able to characterise the 

spatial structure of vine water status at the regional scale. Access to this new source of 

https://doi.org/10.1007/s11119-021-09797-9
https://doi.org/10.1007/s11119-021-09797-9


Chapter 6:Evaluating the quantity of contributions in a farmsourcing project of spatial 
observations 

 

86 
PhD dissertation – Léo Pichon - 2021 

 

information offers opportunities for the management of water resources at a regional scale as well 

as for site- and vineyard-specific management. These results also raised new research questions 

on the joint use of this new source of spatial data with other sources of high spatial resolution 

information. 

6.1.4 Keywords:  

Data sharing, digital agriculture, precision viticulture, smartphone, Vitis vinifera,  

6.2 Introduction  

Many authors have demonstrated the significant role of vine water status on vine physiology and 

berry composition (Cifre et al. 2005; Van Leeuwen and Seguin 1994; Zufferey et al. 2017). 

Monitoring vine water status is of importance for yield and quality management purposes. The 

vine water status naturally changes over time according to the climatic characteristics of the 

season. In addition, many authors have shown that it presents a significant spatial variability at 

different scales in Mediterranean climate conditions: at the within field level (Tisseyre et al. 2005), 

at the vineyard level (Taylor et al. 2009) and at the regional scale (Baralon et al. 2012). 

Characterizing the temporal and the spatial variability of vine water status is of paramount 

importance at these different scales to provide the industry with relevant decision support tools 

for various management options, including canopy and irrigation management, fruit maturity and 

harvest logistics. 

Several standard instrumental methods have been proposed to accurately measure plant water 

status (Rienth and Scholasch 2019). However, these standard methods are not easy to perform 

as they are manual techniques that require cumbersome equipment and specific skills. As a result, 

the use of these methods is typically limited to experiments carried out by research or technical 

institutes and they are rarely adopted by viticulture practitioners (growers or advisors). In order 

to provide simpler, non-destructive and cost-effective approaches to estimate vine water status, 

methods to monitor shoot growth have been proposed. When vine access to water becomes 

limiting, it has been shown that vine growth is affected (Pellegrino et al. 2005). Martinez-De-

Toda et al. (2010) proposed a simple and operational method to relate shoot growth to the water 

restriction experienced by vines. Their method is based on classifying apexes (vine shoot tips) 

according to three growth levels: i) full growth (FG) when the apex is undergoing active 

organogenesis, ii) moderate growth (MG) when organogenesis is reduced and iii) stopped growth 

(SG) when the apex has fallen off or dried out. The authors showed that the observations of apex 

growth were correlated with stem water potential, a reference measurement of vine water status. 

The operational implementation of the approach requires counting 50 apexes (Rodriguez Lovelle 

et al. 2009). The growth of these 50 apexes can be summarised by an indicator S proposed by 

Martinez-De-Toda et al. (2010) (Equation 3).  

𝑆 = 𝑤𝐹𝐺𝑆𝐹𝐺 + 𝑤𝑀𝐺𝑆𝑀𝐺 + 𝑤𝑆𝐺𝑆𝑆𝐺 Equation 3 
 

where 𝑤𝐹𝐺, 𝑤𝑀𝐺, 𝑤𝑆𝐺, correspond respectively to the proportions of full growth, moderate growth 

and stopped growth apexes. 𝑆𝐹𝐺, 𝑆𝑀𝐺, 𝑆𝑆𝐺 are coefficients assigned to each of these growth levels 

and are adjusted by experts according to the pedo-climatic context. 
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Although less precise than reference methods, monitoring shoot growth has the advantage of 

being easily achievable without expensive equipment and by inexperienced operators. Therefore, 

this method is of interest to monitor temporal and spatial changes in vine water status when 

several operators (workers, growers, advisors etc.) may be involved in collecting observations. It 

is of particular interest in regions where the majority of vineyards are managed by small growers, 

who have limited investment capacities and still carry out many manual in-field operations. 

However, the monitoring of shoot growth has some limitations that has restricted its adoption 

until now: i) it requires observers to count the apex of 50 vine shoots, to classify them into three 

different classes and to carefully record the results of the counts for each class, ii) the final 

indicator S needs to be calculated based on the apex observations and iii) the observed S value 

needs to be recorded and transferred to a database with additional information, such as the time 

and location of the observations. Although simple, these different operations can be cumbersome 

because they require information to be recorded and a calculation to be made in the field.  

In order to tackle this issue and to simplify the use of this operational method for monitoring 

shoot growth, a dedicated free mobile application (app), called ApeX-Vigne, was developed and 

launched in 2019 (See Chapter 5:). The purpose of the app is to provide a simple tool to growers 

and advisers to: i) facilitate the collection of apex observations, ii) automatically calculate the S 

indicator, iii) geo-reference and time-stamp the S indicator values and iv) automatically transfer 

the S indicator values to a database on a server to facilitate future analysis and sharing of these 

data. 

Two seasons after the launch of the app, it is now possible to evaluate its adoption and 

appropriation by users. In the literature, the approaches described for this evaluation are either 

very generic (Liu et al. 2018) or, on the contrary, very specific to a use case (Rahmati and Zhong 

2013). To the authors’ knowledge, there is no specific method for understanding user behaviour 

of an app in a professional agricultural context. 

In addition, the use of this app and the collection of observations by a significant number of 

farmers and advisers paves the way to use this dataset to monitor vine growth at a regional as 

well as local scale. Characterising vine growth at large spatial scales may be of interest for 

cooperatives, public services or research for understanding general trends in making common 

decisions. Using so called ‘crowd-sourced’ datasets collected by many operators is common in the 

monitoring of environment conditions (Picaut et al. 2019), biodiversity (Joly et al. 2016) or 

natural disasters (Rogstadius et al. 2013), but its potential has not been widely studied in 

agriculture (Minet et al. 2017). 

Therefore, the objective of this paper is i) to evaluate how the ApeX-Vigne application is adopted 

by users, ii) to study whether the application answers the questions that professionals have about 

monitoring vine water status at the field or within-field scales, and iii) to verify whether the 

aggregated vineyard data can be used to help address regional-wide monitoring issues by providing 

a new source of relevant information. 
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6.3 Materials and method 

6.3.1 The index of Growing Apex (iG-Apex) for monitoring shoot growth 

Based on the equation proposed by Martinez-De-Toda et al. (2010) (Equation 3), the French 

Technical Institute of Vine and Wine (Institut Français de la Vigne et du Vin – IFV) recommends 

that growers set the 𝑆𝐹𝐺, 𝑆𝑀𝐺, 𝑆𝑆𝐺 coefficients to respectively 1, 0.5 and 0 to define the index of 

Growing Apex (iG-Apex) (Payan, 2020). These coefficients have been determined from 

experiments carried out in the south of France and were selected to best relate the iG-Apex with 

the occurrence of moderate water restriction (Payan, 2020). These coefficients, as recommended 

by IFV, have been used to calculate iG-Apex in this study. 

The iG-Apex method is used at the field and sometimes at the within-field scale by growers and 

advisors who measure 50 apexes spread over 10 different vines selected in representative zones of 

the field (Rodriguez Lovelle et al. 2009). Around full bloom, the iG-Apex is generally close to 1. 

It then decreases with the occurrence of increasing water restriction to reach values close to 0, 

generally around veraison.  

6.3.2 General technical characteristics of the ApeX-Vigne application 

ApeX-Vigne is a free hybrid app combining elements of both native and web applications in order 

to facilitate its dissemination over several platforms. This application is currently only available on 

the Android platform via the Google Play Store 

(https://play.google.com/store/apps/details?id=ag.GB.apex&hl=fr last viewed 02/12/2021). 

The architecture was conditioned to meet operational constraints and functionalities, such as the 

ability to use the application in areas where network coverage is intermittent or even absent and 

to safely send and store the data collected on a central database server. Regarding this latter 

functionality, when users download the ApeX-Vigne application, they explicitly give their consent 

for the observations they collect to be used in research projects. 

For the off-line mode of the application, data storage is performed on the smartphone. Data are 

automatically synchronized with the central database when the smartphone has a 3G (or greater) 

signal or a Wi-Fi connection. Communication between the smartphone and the server is provided 

by a JavaScript API. For geolocation, the application accesses the smartphone's GNSS. 

6.3.3 Application interface and publication 

The ApeX-Vigne app has two main screens, an input screen for entering observations (Figure 

34a) and an output screen with summarized results (Figure 34b). The input screen is divided into 

three areas: i) a list to select the field where the observations were performed, ii) three buttons 

to select the shoot tip class, and iii) a dynamic counter at the bottom of the screen to inform the 

user of the number of observations made. The button to calculate the iG-Apex only becomes 

active once 50 observations have been made. This set of 50 observations is called a survey. The 

geolocation of each observation is recorded as soon as the accuracy estimated by the smartphone's 

GNSS receiver is under 10 m. The geolocation of the survey corresponds to the mean coordinates 

of the 50 observations. Only the survey coordinates are accessible to the users and considered in 

https://play.google.com/store/apps/details?id=ag.GB.apex&hl=fr
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this study. The output screen (Figure 34b) provides a summary for each survey of the proportion 

of each type of apex observed and the corresponding level of water restriction based on the 

calculated iG-Apex value. A more detailed description of the ApeX-Vigne application's 

characteristics can be found in Brunel et al. (2019). 

 

Figure 34: Screenshot of the two main interfaces of the ApeX-Vigne application: the input (a) 

and output (b) screens.  

After a first test campaign in 2018 with approximately 20 beta users, the ApeX-Vigne application 

was officially launched and widely distributed in late May 2019 (week 21). A new version was 

released in early June 2020 (week 23). This paper focuses on data obtained from the ApeX-Vigne 

app over two seasons of use in 2019 and 2020. As the app was designed to assist with 

management associated with increasing water stress during the growing season, the key period 

for use in France is considered to be from early June to late August (weeks 23 to 35 in the 

calendar year) 

6.3.4 Study zone:  

The approach was tested in the south of France in an area encompassing the vineyards of the 

Languedoc, Provence and Côtes du Rhone viticulture regions (Figure 35a). The study zone covers 

an area of ~49 500 km2 along the Mediterranean Sea (Figure 35a) and encompasses 57 different 

controlled denominations of origin with > 300 000 ha of vines and > 26 000 growers (Agreste, 

2010) (Figure 35b). It includes a wide range of pedo-climatic conditions. The soils mostly have 

low soil water holding capacity (< 50 mm) (Figure 35c) and the mean annual precipitation over 

the last 30 years varies from relatively low values (500 – 700 mm yr-1) in coastal areas to relatively 

high values (> 1 300 mm yr-1) in the hinterland (Figure 35d). 

This study zone is of interest because i) it is one of the largest contiguous wine producing areas 

in France, ii) the majority of the vineyards are non-irrigated and the climate is Mediterranean, i.e. 

characterized by hot, dry summers, so that the monitoring of vine water status is important for 



Chapter 6:Evaluating the quantity of contributions in a farmsourcing project of spatial 
observations 

 

90 
PhD dissertation – Léo Pichon - 2021 

 

most growers, which should favour the adoption of the ApeX-Vigne application, and iii) the pedo-

climatic conditions are diverse and broadly representative of conditions that can be found in many 

vineyards around the world that are located in regions with a Mediterranean-type climate (e.g. 

west coast of the USA, southern Australia, western coast of South America and the northern and 

southern extremities of Africa). 

 

Figure 35: The study zone encompasses several wine-growing regions of importance in southern 

France with a large variability in soil and climate conditions. (a) The location of the study zone 

within France, (b) the location of vineyards within the study zone that have a controlled 

denomination of origin (INAO, 2020). Two principal pedo-climatic characteristics of this zone, 

(c) soil water holding capacity (IGN, 2020) and (d) mean annual precipitation over the last past 

30 years (Météo France, 2020). 

Temperatures and rainfall observed during 2019 and 2020 seasons were characteristic of a 

Mediterranean climate (Météo France, 2020). They are illustrated by the data measured at a 

meteorological station located in Montpellier in the centre of the study zone (Figure 36). In 2019, 

the spring was relatively cold and rainy and the summer hot and dry. Unusual heat waves with 

extreme high temperatures were observed during a few short episodes (around weeks 27-28) 
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(Figure 36a). In 2020, the spring was warm and relatively wet, while the summer was very dry, 

particularly during the month of July (weeks 26 to 30) (Figure 36b).  

 

Figure 36: (a) Average weekly temperatures and (b) cumulative weekly rainfall measured during 

the 2019 and 2020 vintages at a meteorological station located in Montpellier, in the centre of 

the study zone.   

6.3.5 Data Access 

The application architecture offers several modes of data access. In its simplest form, each user 

is able to visualize, on their mobile device, the data collected on their own fields. As well as this 

individual-level access, the data are collected and centralized on a server database. This also 

makes it possible for the application administrators to download all the data collected by all users 

of the application in the form of a CSV file that also includes the user ID, field name, date and 

geographical coordinates in WGS 84 format. 

The two different levels of data access (individual and centralized) permits analyses to be 

performed at different scales, from the field to the entire region. In both cases, global or local 

outliers may exist. For these analyses, data were simply filtered to ensure that only surveys 

collected within the study area and during the relevant time period were considered. 

6.3.6 Considered data  

The dataset collected during the 2019 and 2020 seasons was considered as a whole. The number 

and date of installations and uninstallations provided by the Google Play Store platform, in 

addition to the number and location of surveys provided by the centralized database, were used 

to characterise the adoption of the ApeX-Vigne application. 

In a second step, some examples of data were selected from the dataset to illustrate how growers 

used the ApeX-Vigne application to answer specific questions that they had about the monitoring 

of vine water status at the within field and inter-field scale. 

- The field used to illustrate monitoring at the within-field scale was chosen as it had a 

large enough number of performed within-field surveys (n) to model a semi-variogram (n 
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> 50) (Kerry and Oliver, 2007), and had surveys made on a frequent and regular basis 

throughout the season.  

- The fields used to illustrate monitoring at the inter-field scale were chosen for being 

located in contrasting soil and climate conditions and for having regular surveys throughout 

the season.  

In a third step, all the surveys carried out across the study zone in 2019 and 2020 were considered 

to illustrate the potential of the Apex-Vigne application to monitor vine water status at the 

regional scale.  

6.3.7 Approach for evaluating the adoption of ApeX-Vigne  

Four experts participated in six development cycles by providing feed-back and improving the 

application step by step. Previous research work has shown that the ApeX-Vigne application met 

the users’ needs and that the proposed interface was appropriate (Brunel et al. 2019). The 

objective of this work was to go a step further and to characterise the adoption and uses of the 

application on the study zone using relevant indicators.  

The first indicators were derived from the usage statistics provided by Google for any application 

uploaded to the Play Store and compared to references established by Liu et al. (2018) based on 

an analysis of 280 000 applications: 

- An application with more than 50 downloads is part of what Liu et al. (2018) called the 

"popular app set", i.e. the most popular 3500 applications among the 280 000 studied.  

- For applications that were part of this "popular app set", Liu et al. (2018) proposed the 

I/U ratio (Installed/Uninstalled) that represents the number of devices on which the app 

has been installed divided by the number of devices on which it has been uninstalled. In 

the Liu et al. (2018) study, the mean I/U ratio was 5.875. Applications with an I/U ratio 

> 6 were considered to be well adopted.  

Although these values were established in a different country (China) and with another application 

store, Wandoujia (Wandoujia, China), they were assumed to be a reference due to the very large 

number of applications considered. No equivalent metric was found based on apps delivered via 

the Google Play or Apple stores. 

The second indicator was the evolution of the number of surveys collected per week by all users. 

This indicator was calculated directly from the database on the ApeX-Vigne server. Its objective 

was to evaluate the actual use of the application. Finally, spatial distribution of the surveys was 

mapped to identify whether adoption (and usage) was consistent across the region or possible 

zones of preferred adoption (and usage). 

6.3.8 Approach for illustrating the uses of ApeX-Vigne 

Use cases of ApeX-Vigne were illustrated differently at within-field, inter-field and regional scales. 

- At the within-field scale, the data were aggregated over time according to the week 

number in which they were collected. The mean and standard deviation of iG-Apex per 
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week were calculated and their evolution over time was represented. For the week with 

the highest iG-Apex standard deviation, the experimental semi-variogram was computed 

and an exponential model fitted (see Oliver and Webster (2015) for details of modelling 

and fitting variograms). A map of the iG-Apex interpolated by ordinary kriging was then 

produced in order to assess the potential interest of ApeX-Vigne app to delineate within-

field zones of vine water restriction.  

- At the inter-field scale, the evolution of iG-Apex over time for three selected fields were 

compared. The objective was to assess the potential interest of the ApeX-Vigne app to 

highlight potential differences in water restriction dynamics within a farm or a region and 

the potential to use the app data for benchmarking vineyards. 

- At the regional scale, the data were also aggregated over time on a per week basis. The 

mean and standard deviation iG-Apex per week were calculated for both seasons 2019 and 

2020. The iG-Apex of each week was compared between the two seasons with the 

Wilcoxon test (Rey and Neuhäuser, 2011). The spatial structure was again assessed for 

every week by calculating the experimental semi-variogram and fitting an exponential 

model. There were ~ 94 – 451 surveys for a given week to compute the semi-variogram. 

These values were reasonably close or larger than the limit (n > 100) usually reported in 

the literature to perform this kind of analysis (Kerry and Oliver, 2007). The semi-

variogram at a regional scale was assumed to be relevant to highlight meso-scale auto-

correlation (tens – hundreds of kilometres). It is commonly used at this spatial scale in 

soil science (Mishra et al. 2010) and climate studies (Vieira et al. 1997). Depending on 

the average distance between the surveys’ sites, this scale may not highlight any auto-

correlation phenomena at short distances, as is commonly used in precision agriculture. 

However, it remains an interesting approach to study the spatial auto-correlation of data 

at scales greater than the vineyard (meso- and macro-scale). The objective was to assess 

the suitability of the iG-Apex to highlight possible zones of different water restriction 

across the entire study zone.  

6.3.9 Analyses and graphs 

The different analyses were performed using R 3.6.1 (R Core Team, 2020). The semi-variograms 

were fitted with the gstat package using REML (Pebesma, 2004) and maps were produced using 

Qgis 3.4.8-Madeira (QGIS Development Team, 2020). 

6.4 Results and discussion 

6.4.1 ApeX-Vigne application adoption - downloads and surveys 

In 2019, no applications were installed until week 21, corresponding to the official launch date 

(Figure 37a). A peak in the number of installations was observed in week 24 with more than 100 

installations and then a gradual decrease to a value close to 0 around week 35, corresponding to 

the end of the observation period. The same seasonal dynamic was observed in 2020, with only a 

few installations per week until week 22, then a strong increase at the beginning of the observation 

period and finally a decrease to reach values close to 0 around week 35 again. This period 
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corresponded to mid-late summer when collection of this information is most relevant for decision-

making. In total, the ApeX-Vigne app was downloaded 581 and 650 times during the 2019 and 

2020 seasons respectively. This total of 1231 downloads (~5% of growers) was well above the 

threshold of 50 downloads set by Liu et al. (2018), indicating that the app was ‘popular’. Note 

that between the end of the key period for use in 2019 and the beginning of the same period in 

2020, the app was still downloaded (around 300 downloads). This result illustrated the curiosity 

of users for the application outside the target time period of use. 

The number of uninstallations was relatively stable over the entire period with ~10 uninstallations 

per week (Figure 37a). A higher number of uninstallations was observed between weeks 18 to 22 

of the 2020 season. This result is certainly explained by the release of a new version of the 

application that may have triggered uninstallations. The I/U ratio was close to 1 between the two 

key periods of use (from week 34 of the 2019 season to week 18 of the 2020 season). It was 

highest at the beginning of the two key period of use (weeks 18 to 26 in 2019 and 2020 seasons) 

ranging from two to > 10.  

 

Figure 37: Basic statistics of the use of the ApeX-Vigne application. (a) Evolution of the number 

of installations and uninstallations during the 2019 and 2020 seasons (launched in week 21, 2019) 

and (b) number of surveys carried out per week over the key usage period (Weeks 22 – 35) of 

these two seasons.  
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The number of surveys per week (Figure 37b) increased as the expected period of water stress 

began (week 22) and remained fairly high during the key period from weeks 24/25 to weeks 

30/31. Moreover, while the trend was similar between the two years, the number of surveys per 

week increased significantly between 2019 and 2020, with a respective total of ~2000 and 4500 

surveys. The total number of fields (608 in 2019 and 902 in 2020) and the average number of 

surveys per field (3.3 and 4.9 respectively) also increased between the 2019 and 2020 seasons. 

Comparison of ApeX-Vigne's I/U ratio to standards established by Liu et al. (2018) suggested 

that the application was not well adopted by users (I/U < 6). On the contrary, the number of 

surveys collected showed a relatively high and growing interest from users. This contradiction can 

be explained by two characteristics of ApeX-Vigne that existing metrics do not take into account. 

The first is that ApeX-Vigne is an application used in a professional setting. Therefore, potential 

users are much less numerous than for the mainstream applications studied by Liu et al. (2018). 

Also, although there are still very few studies on this subject, it seems that the drivers of adoption 

for mobile applications are not the same in the agricultural sector as in the general population 

(Michels et al. 2020). Users expect a professional application, such as ApeX-Vigne, to save them 

time or to improve confidence in their decision making. These expectations are higher than for 

those of a mainstream application. It is possible that these differences in target audience and 

expectations may influence installation and uninstallation dynamics and induce I/U ratio values 

different from the standards set by Liu et al. (2018). The second characteristic of ApeX-Vigne 

that is not taken into account by existing methods is its periodic nature. The period during which 

the iG-Apex method is relevant for decision support is limited to two months in the year. 

Considering a single threshold valid for the whole season does not take this into account.  

These two characteristics of ApeX-Vigne may be common for a lot of mobile applications in 

agriculture. They are guided on the one hand by the stakeholders of the agricultural world who 

are mainly professionals, and on the other hand by the seasonality of agricultural production, 

which leads to a periodicity in the use of many agricultural applications. The poor consideration 

of these characteristics by existing reference metrics illustrates the need for a detailed and specific 

study to monitor adoption of agricultural applications accounting for specificities like seasonality, 

spatial distribution, etc. 

6.4.2 ApeX-Vigne application adoption – Location of surveys  

Figure 38a shows the number and spatial distribution of surveys performed by the users over the 

study zone in 2019 and 2020. It should be analysed in relation to Figure 35. The surveys were 

spread across all the winegrowing areas of the region, showing the interest in the app from a large 

range of viticulture stakeholders, whatever the region or controlled denomination of origin the 

vineyards belonged to. The density of surveys was higher closer to the Mediterranean Sea and on 

locations where annual mean precipitation was lower (Figure 35d), showing that the app seems 

logically more adopted in zones where the risk of having significant water restriction is the higher 

according to climatic characteristics. The density of surveys was particularly high in the northern 

part of the study zone and in several locations in the south-eastern part. It appeared that when 

the use of the app was recommended locally by early adopters, including private or cooperative 

advisors, the use of the ApeX-Vigne app appeared to be higher. The spatial disparity in adoption 

may also be explained by the fact that in some areas the iG-Apex method has already been 
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adopted by local professionals (before the launch of the ApeX-Vigne application), and this may 

have facilitated adoption of the app.  

 

Figure 38: (a) Location of surveys made in the study zone using the ApeX-Vigne mobile application 

during weeks 22 to 36 of the 2019 and 2020 growing season. Local examples of (b) surveys made 

for a field scale monitoring and (c) for a within-field scale monitoring in week 28 of the 2020 

growing season. 

In most cases, users only made one survey (50+ observations) per field and per date (Figure 38b). 

This common sampling strategy aimed at monitoring the average of the field and characterizing 

inter-field differences. However, in some cases, several surveys for the same date were carried out 

within the same field (Figure 38c). The case highlighted here was rare, but indicated an interest 

among some users to use the application to characterize within field variability and to define 

potential within-field vine water status zones.  

6.4.3 Opportunities for using the application at the within-field, field and study zone 

scales  

Examples taken from ApeX-Vigne's centralized database illustrated how the application was used 

at different scales to address vineyard management issues.  

The first example is the result of within-field scale vineyard monitoring. At this scale, the iG-Apex 

decreased from a value close to 1 in week 24 to a value approaching 0 in week 33 (Figure 39a). 

The standard deviation observed was initially very low, then increased between weeks 27 to 30 

and become very low again at the end of the observation period. The standard deviation of the 

within field surveys was the highest around week 28, suggesting that at this time, water availability 

becomes limiting for the most sensitive zones in the field. The variogram and mapping of iG-Apex 

at week 28 (Figure 39b-c) showed that shoot growth within the vineyard was spatially structured. 

Analysis of the variogram indicated that the spatially structured variance was about twice the 

observed nugget (stochastic) variance (respectively 0.002 and 0.001). According to Martinez-De-

Toda et al. (2010), a difference in iG-Apex results in differences in water restriction experienced 

by the vines. As a result, the characterization of this spatial structure made it possible to 
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understand the spatial distribution of vine's response to water restriction at the within-field scale 

and provided information to the grower or their advisor for decision making at this scale. 

 

Figure 39: The ApeX-Vigne application was used by farmers and advisers for monitoring vines at 

the within-field scale: (a) Mean and standard deviation evolutions for the index of Growing Apex 

(iG-Apex) collected at the within-field scale in 2020 by a user of the ApeX-Vigne application, (b) 

example of an iG-Apex kriged map obtained from data collected in week 28, 2020 and, (c) the 

corresponding iG-Apex semi-variogram at this stage.  

The second example illustrated vineyard monitoring at an inter-field scale. At this scale the 

temporal data collected permitted the 2020 season’s shoot growth dynamics to be observed and 

compared for three selected fields (Figure 40). Field 1 had the latest and slowest decrease in iG-

Apex, indicating that water restriction may have been less severe in this vineyard or at least that 

the water restriction occurred more slowly over the season. For Field 2, the iG-Apex started 

decreasing very early in the season, highlighting a very early water restriction. Field 3 had an 

intermediate behaviour, iG-Apex started decreasing later than Field 2; however, it showed the 

sharpest slope of decrease in iG-Apex indicating that once water restriction started, it proceeded 

at a very fast rate.  
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Figure 40: The ApeX-Vigne application as used by farmers and advisers for monitoring the 

evolution of vine water status at the field scale. (a) Examples from three individual fields in 

different wine-growing regions of the study zone (b) showing the evolution of the index of Growing 

Apex (iG-Apex) score from week 22 to week 36 in 2020. 

In these Mediterranean climate conditions, and according to Martinez-De-Toda et al. (2010), the 

differences in Figure 40 indicated a greater or lesser sensitivity of the three fields to water 

restriction. It illustrated a potential to establish a benchmarking option for the app so that this 

information could be used by a farmer or an advisor to understand different fields dynamics at the 

vineyard, the denomination or the region scale. This information would be useful for operational 

decision support, for example by identifying groups of homogeneously functioning fields. During 

the season, analyses such as these will make it possible for growers to target vineyards or within-

vineyard zones where observations need to be made with more spatial and temporal precision. 

This may permit them to better deploy more precise but expensive and laborious measurements, 

e.g. on sap flow or leaf water potentials, to monitor more precisely the vine water status and to 

target management interventions. 

At the study zone scale, the collection of a large number of surveys and their synchronization on 

a centralized server made it possible to consider the understanding of the phenomenon over a 

large scale. As an illustration, the results presented in Figure 41 consider the changes of mean 

and standard deviation for the whole study zone dataset over the 2019 and 2020 seasons.  

At the beginning of the period of interest (week 24), the iG-Apex was high over the entire study 

zone in both seasons (Figure 41). The iG-Apex then decreased towards values close to 0 around 

week 35. From week 24 to week 27 and from week 29 to week 35 the average iG-Apex was 

significantly lower in 2020 than in 2019. It is worth noting that week 28 was an exception in this 

global dynamic with the same average iG-Apex for both seasons (Figure 41). An event interfering 

with the shoot growth stop dynamics had apparently occurred around this period during one or 

both of the seasons. 
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Figure 41: iG-Apex mean and standard deviation per week over the study zone during the 2019 

and 2020 seasons. 

These results indicated that between weeks 24 and 35, shoot growth gradually stopped over the 

study area. Over the same period, very little rainfall and relatively high temperatures were 

observed. This shoot growth stop dynamic can be explained by the gradual appearance of water 

restriction. These results are consistent with the Mediterranean climate of the study zone that 

Schultz (2017) characterized as a water-limited region. According to Schultz (2017), during the 

summer period, water constraints appear progressively because the evaporative demand largely 

exceeds precipitation. These results were also consistent with other research that have studied 

the shoot growth stop when the vine is exposed to water restriction, in both experimental 

(Pellegrino et al. 2005) and real conditions (Martinez-De-Toda et al. 2010) 

The results here also indicated that the shoot growth stop was earlier in the 2020 season. 

Numerous papers have shown that high temperatures tend to accelerate vine phenology (Parker 

et al. 2020; Yzarra et al. 2015). Even though the design of this work did not allow for a formal 

interpretation of these results, it is possible that the higher temperatures in the spring of the 2020 

season accelerated phenology and favoured earlier shoot growth stop that year. The particularly 

hot temperatures observed around weeks 27-28 of the 2019 season may have played a role in the 

same values of iG-Apex observed in week 28 for both seasons. Although the consequences on vine 

physiology of such temperatures observed so early in the season are still poorly documented, Ben 

Salem-Fnayou et al. (2011) showed that they have consequences on cell structure and 

photosynthesis that could be equivalent to those of a drought. Therefore, it is possible that these 

phenomena caused a sudden shoot growth stop in part of the study zone and that this resulted 

in a general decrease of iG-Apex.  

At the study zone scale, the data collected with the ApeX-Vigne application helped to understand 

the evolution of the variance in iG-Apex values (Figure 42). In both seasons, the total variance 

was at first relatively small (around 0.02 for weeks 24-26), then it increased (around 0.04 to 0.06 

for weeks 28-30) and remained at relatively high levels (around 0.04 for weeks 30-32). The spatial 

structure of this variance also evolved throughout the period of interest for both seasons but with 

a time lag of around two weeks between 2019 and 2020. Figure 42 shows the four semi-variograms 

that best illustrate this evolution of the spatial structure for each season. Considering the time 
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lag, weeks 24 to 30 and 26 to 32 were chosen for the 2019 and 2020 seasons respectively. The 

spatial structure was initially relatively low, then increased to reach its highest level at weeks 28 

and 30 in 2019 and 2020 respectively, and then decreased again at the end of the period of 

interest. The semi-variograms computed for week 28 of 2019 season and for week 30 of 2020 

season showed the strongest spatial auto-correlation in the iG-Apex data (Figure 42). Both 

phenomena were second order stationary and had exponential semi-variogram models with 

respective ranges of 21.8 km and 14.9 km and a nugget-to-sill ratio of ~0.13.  

 

Figure 42: Fitted variograms of weekly iG-Apex data illustrating the evolution over time of the 

spatial structure in these data for the 2019 and 2020 seasons. Arrows indicate the shift associated 

with an apparent two-week time-lag in response between the two seasons. 

Available data did not allow a detailed interpretation of these dynamics, but some hypotheses for 

interpreting them may be formulated based on the different known sources of variation in the vine 

water status:  

- At the beginning of the period of interest (weeks 24-26), iG-Apex data ranged from 0.8 

and 1 (Figure 42) indicating that all vineyards were still actively growing. The low spatial 

structure at these dates may be interpreted by the fact that no spatially organised factor 

was limiting shoot growth.  
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- The stronger spatial structure observed in weeks 28 (2019 season) and 30 (2020 season) 

corresponded to a period where mean iG-Apex was between 0.4 and 0.6 for both years. 

These iG-Apex mean values indicated that there was a factor(s) limiting shoot growth 

and the observed spatial structure indicated that this limiting factor was spatially organised 

with a range of 15 to 20 km. Factors that may limit shoot growth and that are spatially 

organised include soil (Van Leeuwen et al. 2018), topography (Santesteban et al. 2012) 

or local climate conditions (Deloire et al. 2004). It can be hypothesised that the spatial 

structure observed in the iG-Apex data at these dates was related to the spatial structure 

of one or a combination of several of these factors. Note that nugget effects at regional 

scale were respectively around 0.006 and 0.007. Most of the surveys collected using the 

ApeX-Vigne application corresponded to the sampling of 50 observations spread over a 

field. The observed nugget effect may be partly explained by the within-field variability of 

shoot growth. According to the example shown in Figure 39c, this within-field variability 

is ~0.003. The rest of the nugget effect, ~0.003 to 0.004, can be explained by factors 

that may influence shoot growth at the inter-field scale over very short distances, such as 

cultivar (Bota et al. 2001), row orientation (Hunter et al. 2020) or short range variability 

of soil characteristics (Reynolds and Willwerth 2020).  

- At the end of the period of interest (weeks 30-32), the spatial structure exhibited a lower 

nugget-to-sill ratio (0.52) in 2019 and had almost disappeared in 2020 (Figure 42). During 

this period, mean iG-Apex ranged from 0.1 to 0.4 (Figure 42). This result may be 

interpreted by the saturation of the iG-Apex. When this index reached a value of 0, it did 

not evolve anymore, even if the water restriction kept on increasing because of summer 

water deficit. This limitation in the iG-Apex itself may have masked partially or totally the 

observed spatial structure of the phenomenon.  

These results showed that the aggregation of observations collected by ApeX-Vigne may provide 

access to a new source of spatially structured information at regional scales. It is likely that in the 

coming years, with the high level of smartphone equipment among farmers (Michels et al. 2020) 

and their interest in collective monitoring approaches (Dehnen-Schmutz et al. 2016), the ApeX-

Vigne application will be adopted more widely. A wider adoption of the ApeX-Vigne application 

should make it possible to study the spatial variability of vine water status at even more scales, 

including intermediate scales of a few kilometres to a few tens of kilometres. This spatial scale is 

particularly interesting because it corresponds to a scale of collective vineyard management 

(cooperatives, organisations of controlled denomination of origin, etc.) (Leibar et al. 2018). The 

proposed approach may be relevant as it would make it possible to identify areas with 

homogeneous behaviour and areas that are particularly prone to high water restriction. Studying 

the temporal evolution of a simple indicator based on the nugget-to-sill ratio seems relevant to 

define the best date to meet this objective. This information may be important to support the 

logistics of agriculture water supply across a whole region. In the longer term, this information 

could also support vineyard adaptation strategies to climate change at regional scale, such as the 

choice of the most suitable sites or cultivars (Naulleau et al. 2021). 

Nevertheless, the use of ApeX-Vigne data for decision making may raise issues of data quality as 

reported in literature for projects involving a wide variety of operators in gathering observations 

(Senaratne et al. 2016). The first major issue is data quality evaluation (Touya et al. 2017). This 
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challenge will be all the more important since, at these scales, finding reference data may be an 

issue (Severinsen et al. 2019). To assess its quality, it will be necessary to propose approaches 

that rely solely on the characteristics of the Apex-Vigne data, such as the spatio-temporal 

consistency of the collected data (Senaratne et al. 2016) or the trustworthiness of the operator 

(Fogliaroni et al. 2018). The second issue is data quality improvement (Goodchild and Li 2012). 

Ancillary data, such as sources of reference information (e.g. sap flow or pressure chamber) or 

high spatial resolution information (e.g. Sentinel 2 satellite imagery), may offer an opportunity to 

improve the quality of the collected data. However, this will require new approaches to be defined 

for the conjoint use of these sources of information with various characteristics (quality, spatial 

and temporal resolution). Both issues should benefit from further research. 

6.5 Conclusion 

The ApeX-Vigne mobile application was developed to monitor shoot growth and estimate vine 

water restriction using a simple and robust method that can be used by stakeholders with very 

different skills. This study presented the results obtained after two seasons of use of this 

application in the south of France. It showed that the ApeX-Vigne application was downloaded 

and used on a seasonal basis. The number of downloads indicated that it was a rather popular 

application in southern France with a growing number of users and an increasing number of surveys 

from 2019 and 2020. The study also highlighted the limitations of metrics as proposed in the 

literature to assess mobile application adoption in a seasonal context, as is often encountered in 

agriculture. The development of metrics that account for the seasonality of use and the specific 

behaviour of professional users is still an issue and may be the subject for future research. Through 

real examples, the study has shown the different scales that the ApeX-Vigne application can be 

applied to: i) at the within-field scale to identify potential management zones with differences in 

vine water restriction and ii) at the inter-field scale to compare and benchmark shoot growth 

dynamics and vine water restriction within the same farm or region. Although the use of the 

ApeX-Vine application at both scales is possible, inter-field use is the most frequently implemented 

by farmers and their advisers. This study has also shown that the regional aggregation of 

observations collected by ApeX-Vigne provided access to spatially structured information. It is 

likely that this may provide information on pedo-climatic phenomena influencing water restriction 

at this regional scale.  
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Chapter 7: Evaluating the quality of 

contributions in a farmsourcing project of 

spatial observations 

 

The first objective of chapter 7 is to explore an ex post quality management strategy based on 

attribute, spatial and temporal characteristics of observations (MULTI-CHARACTERISTIC). The 

second objective is to test hypothesis 2 in order to generalise conclusions about the specific 

success factors concerning the quality of contributions. The questions explored in this chapter 

are: How to propose a method based on the attribute, spatial and temporal characteristics of 

observations to automatically identify outliers and surprising observations in a FSO dataset? How 

well does this proposed approach perform? 
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7.1 Details about the corresponding paper 

7.1.1 Title of the paper  

This chapter will be submitted as a full paper in the journal Computers and Electronics in 

Agriculture under the title “Automatic method for detecting outliers and surprising observations 

in farmsourcing datasets”.  

7.1.2 Authors:  

Léo Pichon1, Stefano Leggerio12, Bruno Tisseyre1 

1ITAP, Univ. of Montpellier, Institut Agro Montpellier, INRAE, Montpellier, France 

2Università Degli Studi Di Torino, Torino, Italy 

7.1.3 Abstract 

The identification of outliers and surprising observations is a major issue for ensuring the quality 

of data collected in crowdsourcing projects of spatial observations. In agriculture, these projects 

have particular characteristics that have led some authors to coin the term farmsourcing. In 

farmsourcing of spatial observations (FSO) projects, the phenomena studied are dynamic and 

seasonal and the participants are mainly professionals. These specificities impact the 

implementation of existing methods to identify outliers and surprising observations. The objective 

of this paper is i) to propose an approach that can be automated and adapted to the specificities 

of FSO projects and ii) to implement this approach on the real use case in order to evaluate its 

performances. The studied use case is the ApeX-Vigne project, which aims at monitoring vine 

water status at regional scale based on shoot growth observations. The proposed approach 

considers attribute, spatial and temporal characteristics of the observations. It identifies the 

cluster corresponding to good quality observations by studying the density with a density-based 

clustering approach (DBSCAN). Observations which do not belong to this cluster are labelled as 

outliers or surprising observations. The comparison of results with labelling done by experts showed 

that this approach is robust with a good specificity and a good sensitivity to outliers. The approach 

was able to automatically identify surprising observations. These surprising observations were 

corresponding to outliers not previously identified or to fields that were particularly early or late 

compared to their spatio-temporal neighbourhood. These results show that the approach can be 

generalised to the identification of outliers and surprising observations in all FSO projects. 

7.1.4 Keywords 

Agriculture, DBSCAN, Crowdsourcing, Density-based approach, Spatio-temporal 
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7.2 Introduction  

Crowdsourcing is an approach to answering a question defined by an organisation (research 

laboratory, company, etc.) that relies on the collective intelligence of a community of contributors 

(Brabham 2008). Over the last decade, crowdsourcing projects have been developed in fields as 

diverse as astronomy (Raddick et al. 2010), medicine (Paulsgrove et al. 2021) or indoor 

localisation (Zhou et al. 2018). Depending on the scientific communities and the characteristics 

of the projects (passive or active contribution; spatial or aspatial data), they have been described 

by different keywords such as 'Volunteered Geographic Information', 'Citizen science' or 

'Participatory sensing' (See et al. 2016). Among crowdsourcing projects, Minet et al. (2017) 

defined three types according to the nature of the contributions: knowledge gathering (Bruce, 

2016), task allocation (Fritz et al. 2009) and collection of spatial observations by sensors 

(Kuhlgert et al. 2016) or operators (Van Etten, Beza, et al. 2019). This last type of 

crowdsourcing, which can be grouped under the term crowdsourcing of spatial observations, has 

been particularly developed in the field of environmental monitoring, where numerous research 

projects have been carried out, often with the keyword 'Citizen science' (Conrad and Hilchey 

2011). This is the case, for example, for dynamic monitoring of the spatial distribution of plants 

or animal species (Sullivan et al. 2009). 

Crowdsourcing projects of spatial observations are effective when they mobilise a large number of 

contributors to make it possible to collect a large volume of data. This provides an opportunity 

for scientists and land managers to monitor dynamic and spatially structured phenomena that 

would be difficult or even impossible to monitor by other means. In agriculture, the crowdsourcing 

of spatial observations is currently less developed than in the field of environmental monitoring 

(Minet et al. 2017), but it presents interesting opportunities. Many agricultural issues need to be 

monitored and controlled over spatial areas larger than the field or farm, ranging from a few 

kilometres to sometimes several hundred kilometres. This is the case, for example, for monitoring 

diseases (Trivellone et al. 2016), pests (Malek et al. 2018) or monitoring abiotic stresses, such 

as the effect of heavy rainfall or extreme temperatures (Reinermann et al. 2019). These events 

are generally dynamic and the period during which they must be observed in order to adapt to 

them is often short. Moreover, they are conditioned by environmental factors that are not 

randomly distributed (topography, geology, pedology, etc.). Therefore, the phenomena of interest 

are often spatially structured on scales that encompass several hundreds, tens or even thousands 

of fields, which often makes the monitoring of these phenomena a collective issue. As a result, 

crowdsourcing of spatial observations is a particularly suitable approach for the dynamic and 

spatial monitoring of many agricultural phenomena. 

Nevertheless, the contribution of many participants with different levels of involvement and 

expertise is a double-edged sword because it also reduces the quality of the collected data 

(Chittilappilly et al. 2016). Managing data quality is a major issue for crowdsourcing projects of 

spatial observations and for the entire processing chain that uses these data. This issue has been 

widely addressed by the scientific community (Wiggins et al. 2011), particularly for the 

classification of surprising or unexpected observations. These observations have received particular 

attention as they can be in some cases outliers that need to be eliminated or, alternatively, 

informative observations characterising a new phenomenon, such as the colonisation of a new 

habitat by a species (Balčiauskas, 2020). In the literature, existing methods generally follow a 
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common approach of measuring a distance between an observation and a reference and then 

considering the observation as surprising if this distance is above a certain threshold (Li et al. 

2020). However, the way in which the distance, reference and threshold are defined depends 

strongly on the application under consideration and on the characteristics of the resulting dataset. 

The specificities of crowdsourcing projects of spatial observations in agriculture impact the 

implementation of these methods. These specificities led Minet et al. (2017) to coin the term 

‘farmsourcing’ to describe these projects. First of all, in farmsourcing projects of spatial 

observations (FSO), the observed phenomena are dynamic and often seasonal (Maistrello et al. 

2018). The range of dates during which an event can be observed (development stage of a plant 

or its pests, appearance of symptoms, etc.) is often very limited. This characteristic is likely to 

lead to the appearance of new types of outliers corresponding to values that are unlikely to be 

observed at given time periods. Secondly, the participants in FSO projects are almost exclusively 

professionals from the agricultural sector (Minet et al., 2017). Their level of expertise and the 

factors motivating their participation are different from those of amateurs and the general public, 

who are frequently involved in environmental monitoring projects (Van de Gevel et al. 2020). 

These differences are likely to influence the distribution of observations in time and space as well 

as the metrological quality of the measurement itself. Depending on the case, this influence may 

or may not be favourable to the quality of the final dataset, but very little work has been done to 

date on this issue. 

FSO projects are beginning to emerge with some research work mentioning the development of 

tools for collecting this type of data. This is the case, for example, for the regional monitoring of 

septoria in wheat (Michel et al. 2016) or vine water status (See Chapter 5:). These tools offer 

new opportunities for monitoring dynamic and spatially structured agricultural phenomena. 

Nevertheless, as for environmental monitoring projects, their use for decision support requires the 

implementation of adapted pre-processing methods in order to assess the quality of the data and 

to identify possible surprising observations. Moreover, the phenomena under study are generally 

of short duration. Therefore, many observations are collected in a short period of time and their 

analysis must be carried out quickly in order to be used for decision support. As a result of this 

limitation, automation will be a key aspect of any new proposed methods for analysing FSO data. 

However, to date there has been no published work that has focused on the implementation and 

automation of such methods that are capable of adapting to the characteristics of FSO datasets. 

To address this knowledge gap, the objective of this paper is i) to clearly pose a problem statement 

for developing quality control metrics for FSO data, ii) to briefly review the existing approaches 

to outlier and surprising observation detection in these data, iii) to propose an automatable 

method to classify surprising observations in FSO datasets, iv) to implement this method to 

identify outliers and surprising observations on the real use case of the ApeX-Vigne mobile 

application by simultaneously taking into account the attribute, spatial and temporal components 

of the observations, and v) to evaluate the performances of this method. 
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7.3 Material and methods 

7.3.1 Problem statement 

 Farmsourcing of spatial observations: Characteristics of datasets 

FSO datasets have some characteristics that are common to every crowdsourcing projects and 

some specific characteristics. It is important to formalise the specific characteristics of FSO 

projects as they will guide the data processing methods to be implemented. 

- Phenomena are structured in time and space: Phenomena studied, such as the presence 

of diseases, pests or abiotic stresses are generally structured in time and space (Malek et 

al., 2018). This means that two observations collected on close dates and at close sites 

have a higher probability of having close attribute values than two observations that are 

distant in time and space. As a result, the datasets collected for the monitoring of these 

phenomena show strong temporal and spatial covariances. However, the characteristics of 

these covariances and their variations in space and time are not known a priori. 

- Phenomena are dynamic and seasonal: Studied phenomena generally evolve over time. 

Most of them depend on climatic conditions. Therefore, they tend to evolve seasonally 

and to be observable only at certain times of the year (e.g. Maistrello et al. 2018). 

Participants trying to observe these phenomena are gathering observations during these 

periods. As a result, the number of observations varies over time. 

- Observations are only made in restricted areas: Observations are only made on agricultural 

fields. Phenomena under study can only be observed in restricted areas that correspond 

to the spatial distribution of the crops under consideration. 

- The number of observations is important: FSO projects generate a large number of 

observations. In order to be used for decision support, it is necessary that the approaches 

developed to analyse these data be automatable. 

- Data are asynchronous and heterotopic: Observations are collected at sites and dates that 

are only determined by participants according to their individual constraints. These sites 

and dates are not known a priori and their distribution is not necessarily optimal for 

characterising the phenomenon of interest. The resulting datasets are asynchronous, i.e. 

observations made on two different sites are generally made on two different dates, and 

conversely, they are heterotopic, i.e. observations made on two different dates are 

generally located on two different sites. 

- Data are mostly of good quality: Making an observation requires a significant effort for 

the operators. They generally make every effort to carry out observations that are useful 

to them and allow them to effectively monitor the phenomenon of interest. As a result, it 

can be hypothesised that the vast majority of observations collected are of good quality 

(Mehdipoor et al. 2015). 

- Reference data are difficult to obtain: The phenomena under study are often dynamic. 

Reference data that are available in some crowdsourcing projects, such as state data 
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(Arsanjani et al. 2015), would be extremely costly to acquire for FSO projects over large 

areas. Therefore, FSO projects rarely have reference data (or if they are available, they 

are only available very locally). As a result, the observations made by the participants are 

in the vast majority of cases the only data available to describe the phenomena under 

study (Sullivan et al., 2009). 

 Outliers and surprising observations: Existing approaches 

Approaches for classifying outliers and surprising observations in crowdsourcing datasets of spatial 

observations have been widely explored in the literature (Senaratne et al., 2016). Figure 43 

provides a general scheme that summarises the main steps. Each observation is assessed for an 

indication (distance) of being an outlier. If this indicator does not meet the defined condition 

(Condition 1), the observation is considered as an outlier. Then, the level of surprise of the 

remaining observations (non-outliers) is evaluated and the second condition (Condition 2) is 

tested. If this condition is not met, the observation is considered as a surprising observation. 

These surprising observations are usually evaluated by experts, who then classify them as either 

outliers or as surprising observations (Sullivan et al. 2009). 

 

 
 

Figure 43: Main steps of existing approaches for classifying outliers and surprising observations in 

spatialized crowdsourcing datasets.  

The assessment of outliers, and the selection of a threshold value, is often done in a simple way. 

This step is seen by different authors as a pre-processing step (Li et al., 2020). The research 

work focuses mainly on the evaluation of the level of surprise. This is generally evaluated by 

comparing attribute values of the observations with expected attribute values. The comparison is 

sometimes carried out according to one attribute (Li et al., 2020) or according to several 

(Schlieder and Yanenko 2010). Expected values are often estimated based on the correlation 

between the variable of interest and auxiliary variables (Mehdipoor et al. 2015) or on the spatial 

and/or temporal autocorrelation of this variable (Simoes and Peterson 2018). Condition 2 is often 

defined by a threshold level of surprise beyond which it is considered that the observation does 
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not behave like the others. This threshold can be set by experts (Bonter and Cooper 2012) or 

calculated by automatic methods (Mehdipoor et al. 2015). This global approach is common to 

the majority of existing methods, but the implementation varies according to the application 

considered and the characteristics of the dataset. The approach developed in this study is based 

on this framework, widely validated in the literature, and proposes to adapt it to the specificities 

of FSO projects.   

7.3.2 Formalization of the approach 

 Definitions and notations 

The regional monitoring of a dynamic and spatially structured agricultural phenomena by FSO 

can be seen as the sampling of a random variable 𝑍 auto-correlated in time and space. The 

attribute value observed at site 𝑠𝑖 and at date 𝑡𝑗 can be noted 𝑧(𝑠𝑖, 𝑡𝑗). The set of these 

observations, i.e. the set of pairs (𝑠𝑖, 𝑡𝑗) for which 𝑧(𝑠𝑖, 𝑡𝑗) exists can be noted 𝒮𝒯. Among the 

observations belonging to 𝒮𝒯, those collected at sites close to 𝑠𝑖 belong to its spatial 

neighbourhood, noted 𝒮𝒩𝑖. Those collected at dates near 𝑡𝑗 belong to its temporal neighbourhood, 

noted 𝒯𝒩𝑗. The seasonality of the observations implies the definition of a suitable period for 

observations, noted 𝒯. Similarly, relevant observations can only be made in a restricted area 

corresponding to the locations of the agricultural fields. This area will be called area of interest 

and is noted 𝒜ℐ. Table 8 summarizes these main notations. 

Table 8: Main notations and definitions 

Notation Definition 

𝑧(𝑠𝑖, 𝑡𝑗) Observation collected at site 𝑠𝑖 and date 𝑡𝑗 

𝒮𝒯 Set of collected observations 

𝒮𝒩𝑖 Set of observations in the spatial neighbourhood of 𝑠𝑖 

𝒯𝒩𝑗 Set of observations in the temporal neighbourhood of 𝑡𝑗 

𝒯 Relevant period of observation 

𝒜ℐ Area of interest  

 

 Classification of outliers 

Variable 𝑍 can potentially be sampled at an infinite number of sites and at an infinite number of 

dates. Nevertheless, most observations 𝑧(𝑠𝑖, 𝑡𝑗) are made in such a way that 𝑡𝑗 ∈  𝒯 because 

participants are trying to observe the phenomenon as it occurs. Observations for which 𝑡𝑗 ∉  𝒯 

are considered as outliers as they do not provide any information about this phenomenon. They 

were considered to be the result of another mechanism (e.g. an operator testing the application 

outside the relevant time period) (Hawkins, 1980). Similarly, observations are only informative if 

they are collected within  𝒜ℐ . All observations for which 𝑠𝑖 ∉  𝒜ℐ were also considered as outliers. 

Condition 1 can be written as: 

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 1: 𝑠𝑖 ∈  𝒜ℐ et 𝑡𝑗 ∈  𝒯 Equation 4 

Observations that did not meet this Condition 1 were considered as outliers.   
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 Classification of surprising observations 

𝑍 is auto-correlated in time and space. Therefore, it is expected that 𝑧(𝑠𝑖, 𝑡𝑗) is close to the values 

observed in its spatio-temporal neighbourhood. In order to take into account the asynchronous 

and heterotopic character of the data, the spatio-temporal neighbourhood of 𝑧(𝑠𝑖, 𝑡𝑗) was defined 

as the set of observations collected on sites spatially close to 𝑠𝑖 and in a time interval Δ. A function 

𝐹 was defined to study the attribute difference between an observation 𝑧(𝑠𝑖, 𝑡𝑗) and the 

observations in its spatio-temporal neighbourhood. This function 𝐹 depends on the interval Δ. It 

is therefore noted 𝐹Δ. In the proposed approach, it was considered that Condition 2 was fulfilled 

if the attribute difference between an observation and its spatiotemporal neighbourhood was 

sufficiently small. Condition 2 can therefore be written as:  

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 2: 𝐹Δ (𝑧(𝑠𝑖, 𝑡𝑗)) ≤  𝛼 Equation 5 

Where 𝛼 represents the maximum acceptable attribute distance between 𝑧(𝑠𝑖, 𝑡𝑗) and its spatio-

temporal neighbourhood 

7.3.3 Implementation of the approach 

 Considered characteristics for testing Conditions 1 and 2 

The first part of Condition 1 (𝑠𝑖 ∈  𝒜ℐ) was simply tested by considering the spatial characteristic 

of each observation in order to evaluate its membership to 𝒜ℐ. The second part of Condition 1 

(𝑡𝑗 ∈  𝒯) was tested by considering two characteristics for each observation: its attribute value 

and its date. The observations were represented in a two-dimensional space 𝑧(𝑠𝑖, 𝑡𝑗) 𝑣𝑠 𝑇𝑖𝑚𝑒. The 

date of each observation was expressed in number of days since the beginning of the year and the 

coordinates on the two axes were centred and reduced. 

Condition 2 was tested by studying the similarity of each remaining observation with its spatial 

neighbours over three successive time intervals, in order to compensate for the asynchronous and 

heterotopic nature of datasets. These three time intervals were defined in order to include 

observations collected respectively just before, at the same time and just after the observation 

considered. For an observation collected at date 𝑡𝑗, the three intervals considered were noted Δ𝑗 −

1, Δ𝑗 and Δ𝑗 + 1, respectively. The function 𝐹Δ was used to study the attribute difference between 

an observation 𝑧(𝑠𝑖 , 𝑡𝑗) and the observations belonging to each of these three intervals. In a first 

approach, it was defined as the average of the attribute differences between an observation and 

its spatial neighbours. This average was weighted according to a membership index (𝑤𝑖𝑘) of each 

site 𝑠𝑘 to the spatial neighbourhood of site 𝑠𝑖. This membership index was defined based on 

inverse distance weighting (Shepard 1968). The function 𝐹Δ can be written as : 

∀ 𝑠𝑘 ∈ 𝒮𝒩𝑖,  
∀ 𝑡𝑙 ∈ Δ ∶ 

 

𝐹Δ(𝑧(𝑠𝑖, 𝑡𝑗)) =
1

∑ 𝑤𝑖𝑘
𝑚
𝑘=1

 . ∑ 𝑤𝑖𝑘  . |𝑧(𝑠𝑖, 𝑡𝑗) − 𝑧(𝑠𝑘 , 𝑡𝑙) |

𝑚

𝑘=1

 
 
Equation 6 
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With 

𝑤𝑖𝑘 =
1

𝑑(𝑠𝑖, 𝑠𝑘)
 

 

Condition 2 was tested by investigating for each observation three characteristics: 

𝐹Δ𝑗−1, 𝐹Δ𝑗 , 𝐹Δ𝑗+1. Observations were represented in a three-dimensional space defined by these 

three characteristics. 

 Method implemented for testing Conditions 1 and 2 

The first part of Condition 1 (𝑠𝑖 ∈  𝒜ℐ) was tested using the CORINE Land Cover 2018 database 

proposed by the Copernicus programme. The area of interest 𝒜ℐ was defined as the area 

encompasing all agricultural land (codes 21 to 33 of CORINE Land Cover 2018). The second part 

of Condition 1 (𝑡𝑗 ∈  𝒯) and Condition 2 were tested based on the specificity of the FSO datasets, 

which contained mostly quality data. It was assumed that the vast majority of observations met 

Conditions 1 and 2 and that they had very similar characteristics. Therefore, it was considered 

that these reliable observations constituted a cluster in the studied dimensions and that all 

observations that did not belong to this cluster were outliers (case of Condition 1) or surprising 

data (case of Condition 2). 

In order to identify these outliers and surprising observations, methods based on the density of 

observations, which have been widely addressed in the literature (Wang et al. 2019), were chosen. 

As a first approach, the DBSCAN algorithm (Density-Based Spatial Clustering of Applications 

with Noise) was chosen and implemented as it is relatively simple and widely documented. 

DBSCAN needs to define two parameters 𝜀 and 𝑀𝑖𝑛𝑃𝑡𝑠. For each observation 𝑥𝑖, DBSCAN 

considers that all other observations located at a distance less than 𝜀 from 𝑥𝑖 are part of its 

neighbourhood. If the number of these observations is greater than 𝑀𝑖𝑛𝑃𝑡𝑠 then 𝑥𝑖 is considered 

as belonging to the core of a cluster. If this condition is not fulfilled but one of 𝑥𝑖's neighbours is 

an observation that itself belongs to the core of a cluster, then 𝑥𝑖 is considered as a cluster border 

observation. In this study, border observations were considered as belonging to the cluster. If none 

of these conditions are met, then 𝑥𝑖 is considered as noise. In the proposed approach, observations 

classified by DBSCAN as noise were considered as outliers and surprising observations when 

testing conditions 1 and 2, respectively. Implementing the DBSCAN algorithm to test Conditions 

1 and 2 required defining specific optimal values: these parameter pairs were called (𝜀1, 𝑀𝑖𝑛𝑃𝑡𝑠1) 

and (𝜀2, 𝑀𝑖𝑛𝑃𝑡𝑠2) for Conditions 1 and 2 respectively. 

 Automation of the implemented method 

Optimal values for (𝜀1, 𝑀𝑖𝑛𝑃𝑡𝑠1) and (𝜀2, 𝑀𝑖𝑛𝑃𝑡𝑠2) were defined automatically based on the 

characteristics of the dataset following the approach proposed by Leroux et al. (2018a). According 

to these authors, it is expected that good quality observations are grouped within the same cluster 

and that the most frequently observed distance between two observations is characteristic of 

these quality observations. In this case, Leroux et al. (2018a) proposed to use this distance as the 

optimal value of 𝜀. These same authors then proposed to study the distribution of the number of 

observations present in a neighbourhood defined by this optimal distance 𝜀. A break in the 

distribution indicates the separation between two clusters. The first local minimum was used to 

define the optimal value of 𝑀𝑖𝑛𝑃𝑡𝑠 for identifying outliers. This method was implemented to 

estimate the optimal values of respective parameters for both Conditions 1 and 2. Axes of the 
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two-dimensional space 𝑧(𝑠𝑖, 𝑡𝑗) 𝑣𝑠 𝑇𝑖𝑚𝑒 in which condition 1 was tested were dimensionless 

numerical quantities because these variables were centred and reduced. Therefore, distances 

calculated for condition 1 were also dimensionless numerical quantities. For condition 2, the 

distances calculated in the three-dimensional space 𝐹Δ𝑗−1, 𝐹Δ𝑗 , 𝐹Δ𝑗+1 were in the same dimension 

as 𝑍 (Equation 6).  

 Flow chart of the implemented approach 

Figure 44 summarises the different steps of the proposed approach. It presents the conditions 

tested and their chronology. 

 
Figure 44: Main steps of the implemented approach for identifying outliers and surprising 

observations in spatialized crowdsourcing datasets.  

7.3.4 Use case 

 ApeX-Vigne dataset 

The approach was tested on a dataset collected with the ApeX-Vigne application (see Chapter 

5:). This mobile application was used by professionals to estimate the occurrence of vine water 

restriction at the field level. It is based on the gathering of simple observations on vine shoot 

growth by professionals (farmers, advisors). ApeX-Vigne summarises the observations with an 

index, iG-Apex, which varies between 1 (full shoot growth) and 0 (total cessation of shoot growth) 

(See Chapter 3:). This index is a dimensionless numerical quantity. The application dates and 

georeferences iG-Apex observations and sends them to a central server (Chapter 5:). Apex-Vigne 

is available for free download from the Google playstore on Android 

(https://play.google.com/store/apps/details?id=ag.GB.apex&hl=fr&gl=US). Participants use 

the application as a decision support tool at the field level. The contribution to a collective 

cartography at the regional scale is therefore a secondary use for them. 

https://play.google.com/store/apps/details?id=ag.GB.apex&hl=fr&gl=US
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Chapter 6 showed that the phenomenon described by iG-Apex was dynamic, seasonal and 

structured in time and space (Pichon et al. 2021). It was considered that the gathering and 

sharing of observations with the ApeX-Vigne application was representative of a FSO process. 

Therefore, the iG-Apex variable was chosen as a use case of the generic variable 𝑍 described 

above. The dataset corresponded to the 4404 observations collected using the ApeX-Vine 

application during the 2020 season within the study zone (see next section). The interval Δ was 

chosen to be equal to one week as this is to the most frequently observed interval between two 

observations on the same field in this dataset. 

 Study zone 

The study zone was situated in the south of France. It encompasses the vineyards of the 

Languedoc, Provence and Côtes du Rhone viticulture regions (Figure 45a). 

 
Figure 45: The study zone is a wine-growing region with a large variability in soil and climate 

conditions and in which the ApeX-Vigne application is relevant and widely used. (a) Location of 

the study zone within France, (b) location of vineyards within the study zone that have a 

controlled denomination of origin (INAO, 2020). Two principal pedo-climatic characteristics of 

this zone: (c) total soil water holding capacity (calculated from soil depth and texture) (IGN, 

2020) and (d) mean annual precipitation over the period 1974-2005 (Météo France, 2020). 
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The study zone covers an area of ~49 500 km2 along the Mediterranean Sea (Figure 45a) and 

encompasses >300 000 ha of vines (Figure 45b) and >26 000 growers (Agreste, 2010). The 

majority of the vineyards are non-irrigated and the climate is Mediterranean with hot, dry 

summers. The soils mostly have low soil water holding capacity (<50 mm) (Figure 45c) and the 

mean annual precipitation over the last 30 years varies from relatively low values (500 – 700 mm 

yr-1) in coastal areas to relatively high values (>1 300 mm yr-1) in the hinterland (Figure 45d). 

This study zone is favourable to the use of the ApeX-Vigne application because i) it is one of the 

largest contiguous wine-growing regions in France, ii) the pedoclimatic conditions make the 

monitoring of vine water restriction a major issue for vineyard management, and iii) the iG-Apex 

method is known and has been used for several years by wine-growers within the study zone and 

their advisors. 

7.3.5 Validation of the approach 

 Selection of experts 

For FSO projects, as for crowdsourcing projects in general, validation of outlier detection 

approaches is often a complex issue as reference data are rarely available (Fonte et al. 2017). 

Foody et al. (2013) demonstrated that collecting the opinions of three experts could be an 

alternative to reference data. The performance of the proposed approach was evaluated using this 

method. It was considered that the experts' opinion could be influenced by i) their knowledge of 

the study zone, ii) their knowledge of the ApeX-Vigne application and its uses, and iii) their 

familiarity with FSO datasets. These three criteria were chosen in order to select experts that 

were as different as possible (Table 9:). Expert 1 was an agricultural advisor with strong field 

experience, expert 2 was an agricultural engineer specialised in developing services and conducting 

experiments in the region and expert 3 was a researcher in the field of digital viticulture.   

Table 9: Description of the experts and their characteristics (1 = low expertise; 2 = medium 

expertise and 3 = high expertise) 

 Expert 1 Expert 2 Expert 3 

Knowledge of the study zone 3 1 2 

Knowledge of the ApeX-Vigne app 3 2 1 

Familiarity with farmsourcing datasets 1 3 2 

 

 Validation of the approach for the classification of outliers 

The objective was to evaluate the ability of the proposed approach to test Condition 1 and to 

identify outliers in FSO datasets. The first part of Condition 1 (𝑠𝑖 ∈  𝒜ℐ) was considered valid as 

it was tested using reference data (CORINE Land Cover 2018). For the second part of Condition 

1 (𝑡𝑗 ∈  𝒯), the classification made by the proposed approach was compared to the classification 

made by the experts. The whole dataset was presented to the experts to identify all observations 

they considered to be outliers. The observations were presented on a 2-dimensional graph 

 𝑖𝐺-𝐴𝑝𝑒𝑥 𝑣𝑠 𝑇𝑖𝑚𝑒. Time was represented by the number of days since the beginning of the year. 

If an observation was classified as an outlier by at least two of the three experts, it was considered 

as an outlier. The comparison between the expert classification and the classification made by the 
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proposed approach was carried out using a confusion matrix. This confusion matrix was used to 

evaluate the sensitivity (share of correctly classified outliers) and specificity (share of correctly 

classified non-outliers) of the approach. 

 Evaluation of the robustness of the approach for the classification of 

outliers 

The proposed approach was based on the estimation of DBSCAN parameters from the 

characteristics of the dataset under study. As a result, the approach was necessarily sensitive to 

this dataset. In order to assess the robustness of the approach, a bootstrap was used to resample 

the data. This method makes it possible to estimate the confidence intervals of estimators without 

making any assumptions about their distribution (Efron, 1982). In this study, it was used to 

estimate the confidence intervals of the confusion matrix elements. There were 1000 bootstrap 

iterations performed using the original dataset. Each iteration included the pre-processing step of 

testing for Conditions 1 and 2 before the DBSCAN analysis. With each iteration, all the resampled 

observations were classified as an outlier or non-outlier and compared to the expert classification. 

The bootstrap results were used to estimate the median of the 1000 iterations and the confidence 

intervals associated with each element of the confusion matrix. 

 Validation of the approach for the classification of surprising observations  

The objective was to evaluate the ability of the approach to identify surprising observations 

(Condition 2). According to Figure 43, these observations can be outliers or surprising 

observations. In the case of outliers, the expert classification was used as a reference. However, 

for surprising observations no reference was available and the results obtained could only be simply 

discussed. As a first step, the classification made by the proposed approach was compared to the 

outlier/non-outlier classification made by the experts (see previous sections). This step was used 

to check whether the real outliers that had not been identified by the test of Condition 1 were 

identified by the test of Condition 2. In a second step, the objective was to compare the behaviour 

of the observations identified as surprising to the rest of the non-surprising observations in order 

to discuss the results. A temporal comparison was made by comparing the surprising observations 

to the rest of the observations and in particular to two reference fields representing fields with 

early and late cessation of shoot growth, respectively (see next section). A spatial comparison 

was made by comparing the surprising observations to a map of the non-surprising observations 

(see section 7.3.5.6). 

 Temporal comparison of surprising observations: reference fields 

Two fields were chosen to illustrate a particularly early and a particularly late cessation of shoot 

growth (Figure 46). These two fields were used to define the minimum and maximum expected 

iG-Apex values in the region and used as a reference for interpreting observations classified as 

surprising.  
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Figure 46: (a) Evolution of the shoot growth index (iG-Apex) during the season in an early and 

late developing vineyard and (b) location within the study zone of the “early” (9 observations) and 

“late” (10 observations) reference fields.  

The observations from these fields were considered of good quality as they were collected by 

experienced and trusted operators. Both fields were located within the study zone in regions where 

many other observations were collected (Figure 46b). They were labelled reference field “early” 

and reference field “late” respectively. 

 Spatial comparison of surprising observations: map of non-surprising 

observations 

A map of the attribute values of non-surprising observations was made over the whole study zone 

in order to represent the global dynamics of iG-Apex values. The surprising observations were 

compared to this global dynamic in order to illustrate the possible attribute differences with their 

spatial neighbours. This map was made from the observations collected during week 30 because 

this was the date having the most important number of observations. It was made by interpolating 

iG-Apex values by ordinary kriging on a regular 10 km grid. 

7.3.6 Graphs and maps:  

All calculations and graphics were performed using R 3.6.1 (R Core Team, 2020). Maps were 

made with Qgis 3.4.8-Madeira (QGIS Development Team, 2020) and kriging with GeoFIS (Leroux 

et al. 2018b).  

7.4 Results 

7.4.1 Classification of outliers :  

4381 observations out of the 4404 of the FSO dataset (~99.5%) met the first part of Condition 

1 (𝑠𝑖 ∈  𝒜ℐ). These observations are distributed over all the vineyard regions of the study zone 

(Figure 47).  
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Figure 47: Location of the 4381 iG-Apex observations having 𝑠𝑖 ∈  𝒜ℐ and of the 23 observations 

having 𝑠𝑖 ∉  𝒜ℐ. Points are overlapping. Therefore, at this wide spatial scale, very close 

observations may appear as a single point. 

The representation of these observations in the 𝑖𝐺-𝐴𝑝𝑒𝑥 𝑣𝑠 𝑇𝑖𝑚𝑒 space showed several groups of 

observations with varying density (Figure 48a).The period between 150 and 250 days had a 

particularly high density of observations compared to the periods before and after it. The density 

curve of the distances between two observations indicated that the most frequently observed 

distance was equal to 0.84 (dimensionless numerical quantity) (Figure 48b). This value was 

automatically chosen for the DBSCAN parameter 𝜖1. For a neighbourhood of 𝜖1 = 0.84, the 

number of neighbours for each observation varied between 0 and nearly 2000 (Figure 48c). The 

first density minimum was observed for 113 neighbours. This value of 113 neighbours 

corresponded to the threshold between observations with relatively few neighbours and other 

observations. This value was chosen for the parameter 𝑀𝑖𝑛𝑃𝑡𝑠1. 
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Figure 48: (a) Representation of the ApeX-Vigne dataset in 2-dimensional space 𝑖𝐺-𝐴𝑝𝑒𝑥 𝑣𝑠 𝑇𝑖𝑚𝑒 

and estimation of parameters 𝜖1 and 𝑀𝑖𝑛𝑃𝑡𝑠1 for classification of outliers from: (b) density of 

observed distance between two observations and (c) density of number of neighbours observed 

for this distance. Green and yellow lines represent the values chosen for parameters 𝜖1 and 

𝑀𝑖𝑛𝑃𝑡𝑠1 respectively.  

These results indicated that the proposed approach was able to automatically estimate DBSCAN 

parameters in the 𝑖𝐺-𝐴𝑝𝑒𝑥 𝑣𝑠 𝑇𝑖𝑚𝑒 space. These parameters were used to classify the 

observations as outliers or non-outliers and to compare this classification with the experts' opinion. 

Firstly, it is interesting to note that the experts estimated that only 1.6% (1.3% + 0.3%) of the 

observations were outliers (Table 10). This indicated that the FSO dataset was globally of good 

quality and that outliers were rare. There were 99.7% (1.3% + 98.4%) of observations correctly 

classified (Table 10). The sensitivity of this approach was 81.2% and its specificity 100%. 
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Table 10: Outliers' classification confusion matrix for the proposed approach compared to expert 

reference classification on the ApeX-Vigne original dataset. 

 Experts 

Outlier Non-outlier 

D
B

S
C

A
N

 

 
Outlier 

 
56 

1.3% 

 
0 

0% 
 

 
Non-outlier 

 
13 

0.3% 

 
4312 
98.4% 

 

 
These results indicated that the outlier classification performance of the approach was good. 

Nevertheless, the method tended to be rather cautious and to classify as outliers only observations 

that were actually outliers. The main consequence of this was that a percentage of the outliers 

(0.3%) identified by the experts were not detected by the proposed method.   

Observations classified as outliers corresponded mainly to those collected before day 150 and after 

day 260 (Figure 49). Observations collected between these two dates were almost all classified 

as non-outlier by the experts and by the proposed approach.  

 
Figure 49: Location of observations correctly and wrongly classified as outliers by the proposed 

approach according to expert reference classification plotted in the 2-dimensional space 

𝑖𝐺-𝐴𝑝𝑒𝑥 𝑣𝑠 𝑇𝑖𝑚𝑒. 
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These results were consistent with vine phenology as the period between days 150 and 260 

corresponded to the summer period during which shoot growth was likely to be affected by water 

restriction. Therefore, this was the period during which iG-Apex observations were preferentially 

gathered by winegrowers and their advisors. Some observations collected during this period were 

nevertheless classified as outliers by both the experts and the proposed approach. This was the 

case, for example, for the observations collected around day 160, with iG-Apex values very close 

to 0. According to the experts, strong water restrictions at these dates are unrealistic and the 

observations were considered as outliers. The proposed approach correctly classified these 

observations. The outliers that were not identified corresponded mainly to observations made 

around day 140 (Figure 49). It is likely that the date of these observations, close to the high 

density zone, did not allow these observations to be identified as outliers. 

In general, these results showed that the proposed approach was relevant for identifying outliers. 

The confusion matrix performed on the 1000 bootstrap iterations (Table 11) confirmed that the 

proposed method was also robust. The median value observed on these 1000 iterations was very 

close to the value observed from the initial dataset. The confidence intervals (𝛼 = 0.1) were very 

small for the observations classified as outliers by the experts. However, they were quite large for 

the observations classified as non-outliers by the experts. According to this result, the specificity 

of the method may possibly be sensitive to the collected dataset. 

Table 11: Outliers' classification confusion matrix for the proposed approach compared to expert 

reference classification over 1000 bootstrap’s iterations on the original ApeX-Vigne dataset. Bold 

values indicate the median value from the bootstrapping while values in parentheses are confidence 

intervals for 𝛼 = 0.1  

 Experts 

Outlier Non-outlier 

D
B

S
C

A
N

 

 
Outlier 

 

1.4% 
[1.14% - 1.66%] 

0% 
[0% – 31.9%] 

 
Non-outlier 

 

0.2% 
[0% - 0.33%] 

98.4% 
[66.8% – 100%] 

 
These wide confidence intervals (𝛼 = 0.1) can be explained by the organisation of the point cloud 

classified as non-outliers in the iG-Apex vs. time space. This point cloud is very dense at its core 

and less dense at its periphery. Depending on the resampling carried out during the bootstraping, 

it was possible that, in certain cases, the density of the zones of the 𝑖𝐺-𝐴𝑝𝑒𝑥 𝑣𝑠 𝑇𝑖𝑚𝑒 graph that 

were located at the periphery of the period 𝒯 may have been lower than in the initial dataset. 

When this phenomenon was too pronounced, it may be that observations located in the period 𝒯 

were classified as outliers. However, these cases are unlikely to happen in FSO datasets where the 

gathering of observations is costly for participants, which tends to favour a very high rate of 

observations within period T and thus limits the impact of this problem. 
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7.4.2 Classification of surprising observations:  

Observations that were identified as non-outliers presented varying densities in the three-

dimensional space (𝐹𝑤𝑒𝑒𝑘𝑗−1, 𝐹𝑤𝑒𝑒𝑘𝑗 , 𝐹𝑤𝑒𝑒𝑘𝑗+1) (Figure 50a). The zone near the origin was 

particularly dense indicating that observations with attribute values close to those of their spatial 

and temporal neighbours were frequent. The most frequently observed distance was equal to 7.10-

4 (dimensionless numerical quantity) (Figure 50b). This value was chosen for the parameter 𝜖2. 

For a neighbourhood of 𝜖2 = 7. 10−4 , the number of neighbours for each observation varied 

between 0 and over 3000 (Figure 50c). There was a minimum density observed for 664 neighbours 

that distinguished observations with relatively few neighbours from others. This value was chosen 

for the parameter 𝑀𝑖𝑛𝑃𝑡𝑠2. 

 
Figure 50: (a) Representation of the non-outliers observations of the ApeX-Vigne dataset in the 

3 dimensional space (𝐹𝑤𝑒𝑒𝑘𝑗−1, 𝐹𝑤𝑒𝑒𝑘𝑗 , 𝐹𝑤𝑒𝑒𝑘𝑗+1), and estimation of parameters 𝜖2 and 𝑀𝑖𝑛𝑃𝑡𝑠2 

for classification of surprising observations from: (b) density of observed distance between two 

observations and (c) density of number of neighbours observed for the most frequent distance. 

Green and yellow lines represent the values chosen for parameters 𝜖2 and 𝑀𝑖𝑛𝑃𝑡𝑠2 respectively. 

These results showed that the proposed approach could estimate the parameters 𝜖2 and 𝑀𝑖𝑛𝑃𝑡𝑠2 

automatically from the ApeX-Vigne dataset. These parameters were then used to test Condition 

2 and to classify observations as surprising or not surprising. Figure 51 shows that all outliers that 

were not identified by the test of Condition 1 were classified as surprising observations. This result 

indicated that tests of Conditions 1 and 2 were complementary and identified all outliers. 
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Figure 51: Classification of surprising observations plotted in the 2-dimensional space 

𝑖𝐺-𝐴𝑝𝑒𝑥 𝑣𝑠 𝑇𝑖𝑚𝑒. 

The representation over time of other surprising observations suggested that there are two 

populations of surprising observations (Figure 51); one corresponding to observations close to the 

trajectory of the reference field "early" and a second corresponding to observations close to the 

trajectory of the reference field "late". These observations can be interpreted as fields whose 

cessation of growth was earlier or later than the fields in their spatial and temporal 

neighbourhoods. This interpretation was confirmed by the spatial representation of the surprising 

observations at week 30 (Figure 52). 

 

Figure 52: (a) Interpolated map of iG-Apex during week 30 at the study zone scale made from 

the non-surprising observations. (b) Detail of this map representing the surprising observations on 

the same iG-Apex scale. 
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The map of non-surprising observations showed that it is possible to produce a map of iG-Apex 

at the study zone scale (Figure 52a). This map exhibited a spatial organisation of iG-Apex at this 

scale confirming the results of Pichon et al. (2021). It also indicated that the surprising 

observations have iG-Apex values that were either much higher or much lower than their spatial 

neighbourhood (Figure 52b). This result confirmed that surprising observations corresponded to 

fields whose cessation of growth was earlier or later than the vast majority of the other 

observations in their neighbourhood. 

7.5 Discussion 

The results of this study showed that taking into account attribute, spatial and temporal 

characteristics of observations makes it possible to adapt the framework proposed in the literature 

to the specificities of FSO datasets and to identify surprising observations and outliers. The 

formulated hypothesis on the very high proportion of good quality data in FSO datasets proved 

to be valid, which is consistent with what has been observed in crowdsourcing projects from other 

sectors (Mehdipoor et al. 2015). The validation of this hypothesis allowed the implementation of 

an approach to identify outliers and surprising observations based on the identification of a single 

cluster corresponding to good quality observations. The use of the DBSCAN method, based on 

the study of the density of observations, proved to be relevant because it was robust and fully 

automatable. This approach has the advantage of requiring little knowledge of the phenomenon 

studied and of automatically adapting thresholds to the dataset under study (Wang et al., 2019). 

The adaptation of the existing framework to the characteristics of FSO datasets allowed to obtain 

particularly good performances for the detection of outliers since they were all identified after the 

test of Conditions 1 and 2. Those that were not identified by the test of Condition 1 correspond 

to outliers that had the closest behaviour to the majority of good quality observations and are 

therefore necessarily the most difficult to discriminate. To address this limitation, other 

automation approaches for the choice of DBSCAN parameters could be explored. Indeed, these 

parameters have a strong influence on the classification result (Leroux et al., 2018a), especially 

in the cluster border zones where outliers not identified by Condition 1 are located. New methods 

for automating these parameters, which are the subject of research in computer science 

(Starczewski et al. 2020), could make it possible to find compromises that are even more 

favourable to the identification of outliers by Condition 1. 

For the identification of surprising observations, the performances of the proposed approach were 

satisfactory but their evaluation was more difficult to achieve. Indeed, in the case of this study, 

as in most FSO projects (Van Etten, Beza, et al. 2019), no reference data were available. 

Therefore, if this approach were to be improved, it would be necessary to set up an experimental 

design to obtain a classification of surprising observations that could be used as a reference. The 

labelling of surprising observations by experts, as implemented in this study for outliers, seems to 

be a relevant approach. However, it would require an experimental design that would allow several 

experts to evaluate each observation individually. Given the large number of observations 

considered, micro-working platforms that allow unitary tasks to be proposed to a large number of 

people (e.g. defining whether an observation is surprising or not) seems to be a possible approach 

that has already been implemented in other domains (Aguinis et al. 2021). Furthermore, one of 

the limitations of the proposed approach was that it did not take into account the spatial structure 
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of the studied phenomenon in defining the spatial neighbourhood of an observation. It is possible 

that the use of data-driven stochastic approaches to define the spatial neighbourhood of an 

observation could improve the detection of surprising observations. Such stochastic approaches 

could be implemented, for example, by using a semi-variance model of the variable under 

consideration (Negreiros et al. 2010) or by studying co-variables (Gao et al. 2020). Another 

limitation of the proposed approach is the binary labelling of surprising observations. This approach 

has the advantage of being simple but it may generate threshold effects for observations whose 

behaviour is intermediate between surprising and expected. It is possible that the exploration of 

approaches defining a level of surprise for each observation, rather than a binary classification, 

will allow the complexity of the phenomenon studied to be taken into account and thus better 

support users in their decision-making. Approaches implementing clustering methods with fuzzy 

logic (Gosain and Dahiya 2016) seem to be interesting avenues to explore. 

The proposed approach automatically adapted to the attribute, spatial and temporal 

characteristics of the considered dataset. It has been implemented and tested on the ApeX-Vigne 

use case but it can be generalised to all FSO projects. The challenge of this generalisation lies 

mainly in the choice of the time interval Δ. In the case where the phenomenon studied evolves 

rapidly and where the level of asynchronism of the observations is particularly strong, for example 

for pest monitoring (Jiang et al. 2008), it is possible that this definition of the temporal 

neighbourhood needs to be improved. Future work could favour the generalisation of the approach 

for this type of use cases by considering time in a continuous manner and by defining a degree of 

membership to the temporal neighbourhood using, for example, a reasoning similar to the one 

implemented for the spatial neighbourhood. Finally, in a more general way, the proposed approach 

can allow the identification of outliers and surprising observations in any dataset resulting from 

the dynamic monitoring of a phenomenon structured in time and in space and containing many 

observations, even if this dataset is neither asynchronous nor heterotopic. For example, the 

identification of surprising pixels in an image dataset resulting from the dynamic monitoring of 

agricultural fields from remote sensing images is an important issue (Mouret et al. 2021). The 

approach proposed for FSO datasets could be extended to this type of use cases. 

7.6 Conclusion  

This study posed the problem statement of developing quality control metrics for FSO data and 

reviewed existing approaches for detecting outliers and surprising observations. It proposed an 

approach for adapting the existing framework to FSO datasets taking into account attribute, 

spatial and temporal characteristics of observations. Results showed that the approach based on 

the identification of a single cluster representing quality observations was automatable. The 

implementation of this approach on a real dataset from observations collected with the mobile 

application ApeX-Vigne demonstrated an effective identification of outliers and surprising 

observations. For the identification of outliers, results showed that the approach i) was robust, 

i.e. it maintained good performance when the dataset varied, ii) had good sensitivity, i.e. it was 

able to correctly label outliers and ii) had good specificity, i.e. it was also able to correctly label 

observations that were non-outliers. The results of this study also showed that the proposed 

approach was able to identify surprising observations. In some rare cases, these observations were 

outliers that had not been previously identified. In the majority of cases, these surprising 
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observations corresponded to fields that were particularly early or late in relation to their spatial 

and temporal neighbourhood. Finally, the proposed approach can be generalised to the 

identification of outliers and surprising observations in other FSO datasets and more widely in any 

dataset resulting from the dynamic monitoring of a phenomenon structured in time and space.  
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Chapter 8: Conclusion and perspectives 

 

 
Illustration: Vine in Chablis – April 2021 

The objective of chapter 8 is to conclude on validation and generalization of the two formulated 

hypotheses. This chapter also opens up some directions for future research work. 
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8.1 Looking back to the studied use case 

In this thesis, monitoring of vine water status by characterising vine shoot growth has been chosen 
as a use case for FSO projects. The outputs of this thesis are firstly related to this use case. The 
first of them is the development of the ApeX-Vigne mobile application (Chapter 5). This 
application is an operational tool that can be used for decision support by wine industry’s 
stakeholders. This thesis has also reinforced the knowledge concerning the method of shoot 
growth characterisation (Chapter 3). It has demonstrated the relationship between this method 
and a reference method based on several cultivars, several vintages and several fields. It also made 
it possible to define the range of validity of the method, its specificity and its sensitivity to vine 
water status. Finally, this thesis demonstrated that the uncertainty associated with this method 
was low enough to characterise the within-field variability of vine water status if observations were 
collected by the same operator (Chapter 4). 
Agronomic knowledge related to this use case could complement the generic approach proposed 
for the identification of outliers and surprising observations (Chapter 7). For example, the shoot 
growth dynamic tend to decrease during the season while water stress sets in (Chapter 3). 
Therefore, the study of time series of observations made on the same field should make it possible 
to identify cases where the shoot growth dynamic accelerates, which could correspond to 
surprising observations. From a physiological point of view, this case can only occur if there is a 
supply of water to the field by irrigation or rainfall.  
In an operational context, access to contextual information such as agronomic practices of vine 
growers (e.g. irrigation) or local soil and climate conditions could help to interpret this surprising 
behaviour. This perspective seems interesting when the information can be collected without any 
effort from the contributor, such as access to weather conditions via the location of the 
observation and the interrogation of dedicated databases. On the other hand, when access to this 
information requires an action from the contributor (e.g. is the field irrigated?), it becomes 
necessary to reassess his or her motivation to contribute and the levers that can be used to 
influence this motivation. In the future, evolutions concerning the participants’ contribution in the 
ApeX-Vigne project will have to be designed by considering the methodological framework 
proposed in this thesis and by making sure the trade-off between the quantity of contextual 
information collected and the motivation of the contributor is well balanced.  

8.2 Looking back to the proposed approach 

FSO projects have specificities because of their characteristics concerning i) the phenomenon 

under study (STRUCTURED and SEASONAL), ii) the observation gathering process 

(PROFESSIONALS, ONCE), iii) the resulting dataset (ASYNCHRONOUS) and iv) the available 

reference data (REFERENCE). In this thesis, specific success factors of FSO projects have been 

studied. Two hypotheses on the factors promoting on the one hand quantity and on the other 

hand quality of collected observations were tested through a systemic approach implemented with 

the real FSO project, ApeX-Vigne. Hypothesis 1 make the assumption that FSO projects must i) 

address an agricultural issue at both farm and regional scales (MULTISCALE) (Chapter 2), ii) 

propose to participants a task that is simple and useful for them (USEFUL) (Chapters 3 and 4) 

and iii) rely on a platform accessible to the maximum of potential participants (ACCESIBLE) 

(Chapter 5) to generate a significant amount of observations. Hypothesis 2 make the assumption 

that these projects must i) rely on a platform allowing contributions to be collected according to 

a standardised protocol (STANDARDIZED) by recording metadata on acquisition conditions 

(METADATA) (Chapter 5) and ii) implement ex-post quality strategies based on attribute, spatial 
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and temporal characteristics of observations (MULTI-CHARACTERISTIC) (Chapter 7) to 

generate contributions of good quality. The ApeX-Vigne project was a relevant case study to test 

these two hypothesis because it had all these characteristics.  

The analysis of 2019 and 2020 data of the ApeX-Vigne project showed that the observations 

collected were numerous (Chapter 6) and of good quality (Chapter 7). Therefore, the two 

hypotheses were validated for this use case. Moreover, the ApeX-Vigne project can be considered 

as representative of FSO projects because it was studied over several seasons and over a large 

spatial area of several hundred kilometres, encompassing many vineyards grown under various 

conditions. Therefore, results obtained on this use case can be generalised and hypotheses 1 and 

2 can be considered as valid also for other FSO projects.  

Nevertheless, the proposed approach has some limitations. Firstly, each of the specific success 

factors have not been tested independently. For instance, the validation of hypothesis 1 indicates 

that the presence of the three specific success factors is resulting in a significant number of 

contributions. However, it is not possible to distinguish the relative importance of these three 

factors or even to guarantee that the three of them are essential. The same consideration can 

also be extended to the three specific success factors tested by hypothesis 2. In the future, 

individual study of each of these specific success factors could be facilitated by the emergence of 

a larger number of FSO projects having more diverse characteristics. Secondly, the tests of 

hypotheses 1 and 2 rely on the evaluation of the quantity of observations collected and on the 

quality of these observations. However, the methods and metrics existing in the literature to 

evaluate this quantity and quality are poorly adapted to the specificities of FSO projects such as 

the seasonality of the studied phenomena (SEASONAL) or the asynchronous and heterotopic 

characteristics of datasets (ASYNCHRONOUS). In the implemented approach, the quantity and 

quality levels obtained have been simply compared to existing values in the literature for other 

crowdsourcing projects. In the future, the design of approaches that take into account these 

specificities in the evaluation of these quantity and quality levels would allow more precise 

hypotheses to be formulated and tested. 

The knowledge generated in this thesis helped to better understand the specific success factors 

of FSO projects. It also opens up new research perspectives regarding i) the improvement of some 

steps of the method that have been simplified as first approach and ii) possible usages of FSO 

data that are made possible by this new knowledge. The following sections detail these 

perspectives. 

8.3 Looking forward to future research work 

First of all, in FSO projects, it is common that several observations are made at the same field 

and by the same operator throughout the season. However, in the ex-post strategy explored in 

this thesis for identifying surprising observations, attribute values of observations were simply 

compared to those of their spatio-temporal neighbours without considering whether these 

observations belong to a time series. It is possible that, for a given observation, the study of the 

time series to which it belongs may provide information on its most likely attribute value. This 

expected value could be compared to the observed value in order to estimate the level of surprise 

of an observation. Therefore, in the future, exploring the relevant characteristics of time series 

for assessing the level of surprise of an observation may help to improve ex-post quality methods. 



Chapter 8:Conclusion and perspectives 
 

129 
PhD dissertation – Léo Pichon - 2021 

 

Secondly, in the approach proposed in this work, the level of surprise of an observation did not 

take into account the person who collected it. However, this information about the participant is 

quite classically used in other crowdsourcing projects. In this case, it is often the reputation of 

the participant that is taken into account, i.e. the trust that the community places in him/her 

(Fogliaroni et al. 2018). These approaches have mainly been developed on collaborative mapping 

applications such as OpenStreetMap (Zhao et al. 2016). The reputation of a contributor is usually 

estimated based on the consistency between his observations and the observations that other 

contributors have made on the same objects. However, in the case of FSO projects, the same 

object can only be observed once (Specificity ONCE). Therefore, existing methods in the literature 

cannot be applied as they stand and other approaches must be explored to assess the reputation 

of participants. Specificities of FSO projects such as the seasonality of the phenomenon under 

study (Specificity SEASONAL) or the contribution of participants in the context of their 

professional activity (Specificity PROFESSIONALS) are structuring the behaviour of all 

participants by inducing cyclical contribution and participation at regular intervals respectively. 

Participants trying to observe the phenomenon under the right conditions all have the same type 

of behaviour. Therefore, it seems possible to evaluate the reputation of a participant according 

to the gap between this expected behaviour and his or her actual behaviour and according to his 

or her changes in behaviour. Understanding these behaviours and exploring the analyses that can 

be made of them to estimate the reputation of participants may lead to a better understanding 

of both ex post and ex ante strategies for managing the quality of collected observations. 

Finally, the results of this thesis work provide tools and methods to collect many good quality 

observations in FSO projects. These observations can therefore be considered as a potential 

source of information complementary to other existing approaches for the study of agricultural 

phenomena at regional scale. For example, the inversion of mechanistic models such as water 

balance model (Roux et al. 2019) is an interesting approach because it makes it possible to 

estimate agronomic variables of interest such as FTSW (Fraction of Transpirable Soil Water) 

over large spatial areas. However, this approach relies on field measurement of parameters such 

as predawn leaf water potential (𝜓𝑃𝐷), which are often expensive to gather. Observations from 

FSO projects could potentially be used instead of these reference measurements. The use of these 

imprecise, asynchronous and heterotopic datasets would constitute an originality compared to 

existing approaches in the literature. The scientific question that arises is whether the large 

number of observations of FSO projects can balance these imperfections in order to implement a 

mechanistic model inversion approach. This question will soon be explored through a thesis which 

has received funding from the #Digitag convergence lab and the Occitanie region. It will start in 

autumn 2021. 

8.4 Opening up new perspectives towards on-farm experimentation 

With FSO projects, it is possible to collect and share spatialized, dated and objectified 

observations. These projects and the corresponding methods could be used by groups of farmers 

and/or researchers to collect and share their experimentations. This could help to design and set 

up collective experimentations under real conditions and in various pedoclimatic situations. FSO 

projects and associated knowledge could help to i) involve farmers, ii) collect and pre-process 

data, iii) analyse and discuss the results, and iv) repeat these processes in order to produce 

knowledge. FSO projects can therefore be seen as a means of accompanying agriculture in its 
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transition by helping agricultural stakeholders to organise themselves collectively to answer to the 

complex and sometimes contradictory issues they are facing. This approach, which aims to 

promote the construction of knowledge by relying on experiments conducted by farmers in real 

conditions, is developing more and more in the scientific community. It is called On-Farm 

Experimentation (OFE) (Cook et al. 2013). OFE raises new questions about approaches for 

involving farmers (MacMillan and Benton 2014), methods for analysing such data (Laurent et al. 

2019) and agronomic knowledge that can be extracted from it (Bullock et al. 2019). Therefore, 

this emerging scientific community (https://ispag.org/Communities/On-Farm) is at the 

crossroads of social sciences, agricultural sciences and data sciences. The community is in the 

process of federating and will organise a first scientific conference dedicated to OFE in autumn 

of 2021 (https://ofe2021.com/). In the future, the tools and methods developed during this thesis 

and more broadly for FSO projects might contribute to this new scientific community. 
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Chapter 9: Appendices 

9.1 Screenshots of the latest version of ApeX-Vigne mobile 

application (release of 2021 May 7th) 

Input screen: Output screen: 

  
  

Screen for consulting field details after 
observation:  

Screen for selecting development stage at the 
gathering of observation:  
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9.2 Press release sent to the wine press for the official launch of the 

ApeX-Vigne application 
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Résumé étendu 

Chapitre 1 :  

L’agriculture est en transition et fait actuellement face à des enjeux complexes et parfois 

contradictoires. Comment produire une nourriture saine et abondante à des prix accessibles tout 

en rémunérant dignement les agriculteurs ? Comment cultiver sous un climat dont les 

températures moyennes sont plus élevées de 1, voire 2 ou 3 degrés par rapport à la fin du siècle 

dernier et dans lequel les évènements climatiques extrêmes sont plus fréquents ? Comment limiter 

sa consommation d’énergie fossile et sa production de gaz à effet de serre ? Comment tirer parti 

des possibilités d’observation et de compréhension du vivant offertes par les outils numériques ? 

Les agriculteurs, qui sont confrontés à ces enjeux dans leur activité quotidienne, expérimentent 

seuls ou en groupe des solutions pour y répondre. Ils échangent régulièrement entre pairs et avec 

des acteurs de l’innovation et des chercheurs. Ils s’organisent collectivement pour partager leurs 

résultats et les confronter à ceux obtenus dans des contextes similaires. Les projets de 

crowdsourcing sont emblématiques de cette approche qui mêle agriculteurs et chercheurs pour 

générer de la connaissance et concevoir des réponses à des enjeux complexes. 

Le crowdsourcing est une approche qui consiste à répondre à une question en s’appuyant sur 

l’intelligence collective d’une communauté de contributeurs. Il existe différents types de projets 

de crowdsourcing en fonction de la nature des contributions, de la thématique traitée et de la 

communauté scientifique qui l’étudie (Figure 53).  

 

Figure 53: Du crowdsourcing au farmsourcing d’observations spatialisées : synthèse de 

l’imbrication des principaux concepts.  

En agriculture, le crowdsourcing d’observations spatialisées joue un rôle particulièrement 

important. Ces projets comptent de nombreuses spécificités qui influent sur les facteurs favorisant 

leur succès. L’une de ces spécificités est le profil des participants, qui sont principalement des 

professionnels contrairement aux projets existants dans le domaine du suivi environnemental où 

les participants sont souvent des amateurs ou le grand public. Cette spécificité a fait émerger le 

terme de « farmsourcing » pour décrire les projets de crowdsourcing en agriculture. La thèse se 

concentre sur l’étude des projets de farmsourcing d’observations spatialisées (FOS) et les travaux 

menés se concentrent sur les facteurs de succès spécifiques de ces projets. Deux hypothèses 

principales ont été testées.  
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Figure 54: Facteurs de succès spécifiques des projets de FOS testés par les hypothèses 1 et 2 et 

relation avec les facteurs de succès génériques. 

Selon la première hypothèse (Hypothèse 1) , pour générer un nombre important d’observations, 

les projets de FOS doivent adresser un enjeu agricole multi-échelles (MULTISCALE), proposer 

des tâches aux participants qui soient simples et utiles pour leur activité professionnelle (USEFUL) 

et s’appuyer sur une plateforme accessible au plus grand nombre (ACCESSIBLE) (Figure 54). 

Selon la seconde hypothèse (Hypothèse 2), pour que ces contributions soient de bonne qualité, 

les projets de FOS doivent s’appuyer sur un protocole de collecte standardisé (STANDARDIZED), 

sur l’enregistrement de métadonnées (METADATA) et sur la mise en place de stratégies de 

gestion de la qualité ex post basées sur les caractéristiques attributaire, spatial et temporelle des 

observations (MULTI-CARACTERISTIQUES) (Figure 54). Ces hypothèses ont été testées dans 

le cadre d’une approche systémique qui consiste à mettre en œuvre un projet de FOS réel, à tester 

les hypothèses au cours des différentes étapes du projet puis à généraliser les résultats à l’ensemble 

des projets de FOS. Pour pouvoir assurer cette généralisation, le projet doit avoir des 

caractéristiques représentatives de l’ensemble des projets de ce type.  

Chapitre 2 :  

Le chapitre 2 présente le cas d'utilisation choisi dans le cadre de cette démarche systémique : le 

suivi de l'état hydrique de la vigne à différentes échelles spatiales. L’état hydrique de la vigne 

influence à la fois la qualité de la récolte, le rendement et la quantité de végétation. Il varie 

fortement dans le temps et dans l’espace et présente de fortes structures spatiales et temporelles. 

Son suivi au cours de la saison et en de nombreux sites est donc un enjeu fort pour l’aide à la 

décision à l’échelle parcellaire. C’est également un enjeu à des échelles spatiales plus larges comme 

celles d’une aire d’apport d’une cave coopérative, d’un syndicat d’appellation, d’un département 

ou même d’une grande région. Il existe de nombreux outils pour mesurer ou estimer l’état hydrique 

de la vigne mais ils sont souvent complexes et/ou couteux à mettre en œuvre.  
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Chapitre 3 :  

Le chapitre 3 explore les potentialités d’une méthode simple de suivi de l’état hydrique de la vigne : 

iG-Apex. Cette méthode s’appuie sur le fait que la croissance végétative est la première fonction 

physiologique affectée par la contrainte hydrique. Elle vise à caractériser cette croissance 

végétative en réalisant des observations visuelles simples sur 50 apex qui sont classés en 3 

catégories (Figure 55). Ces observations sont ensuite synthétisées dans l’indice iG-Apex qui varie 

de 1 (pleine croissance) à 0 (arrêt total de croissance). Le chapitre 3 étudie la capacité de l’indice 

iG-Apex à servir d’outil d’aide à la décision opérationnel pour le suivi de l’état hydrique.  

 

Figure 55: Exemples d’apex de vigne classés dans les catégories (a) « pleine croissance », (b) 

« croissance ralentie » et (c) « croissance arrêtée ».  

L'étude a été réalisée en comparant des mesures d’iG-Apex réalisées dans des conditions de 

contrainte hydrique variées à des mesures de référence de potentiel hydrique foliaire de base (𝜓𝑃𝐷). 

Les mesures ont été réalisées sur 55 parcelles situés sur le vignoble de Tavel (Occitanie, France) 

durant 5 millésimes (de 2008 à 2012) et sur 4 cépages (Cinsault, Grenache, Mourvère, Syrah). 

Les résultats ont montré que le potentiel hydrique foliaire de base moyen (𝜓𝑃𝐷) pouvait être lié 

aux valeurs d’iG-Apex mesurées (Figure 56).  

 

Figure 56 : Potentiel hydrique foliaire de base moyen (𝜓𝑃𝐷) en fonction des valeurs d’iG-Apex. 
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Les résultats ont montré que iG-Apex peut être utilisée comme un outil d’aide à la décision 

opérationnel à l'échelle parcellaire dans une gamme de contraintes hydriques allant de -0,2 MPa 

à -0,8 MPa. Néanmoins, des précautions doivent être prises lors de l'interprétation des résultats 

car la méthode n'est pas spécifique à l’état hydrique de la vigne et est également sensible à 

d'autres phénomènes. Enfin, les faibles contraintes opérationnelles de cette méthode permettent 

d’envisager de l'utiliser pour réaliser un suivi collectif au cours de la saison sur de grandes étendues 

spatiales.  

Chapitre 4 :  

Le chapitre 4 poursuit l’exploration des potentialités de la méthode iG-Apex en étudiant sa 

capacité à caractériser la structure spatiale de la croissance végétative à l’échelle intra-parcellaire. 

L’étude a été réalisée sur deux parcelles de vigne située dans les Corbières (Occitanie). Une 

centaine d’observations d’iG-Apex ont été réalisée chaque semaine sur chacune des parcelles tout 

au long de la saison 2020. L’étude basée sur des méthodes géostatistiques, a montré que la 

méthode iG-Apex peut être utilisée pour définir des zones intra-parcellaires homogènes (Figure 

57) si les observations sont effectuées par un seul opérateur et pendant les périodes où la 

contrainte hydrique de la vigne est forte. 

 

Figure 57: Les semi-variogrammes expérimentaux et modélisés des valeurs d'iG-Apex pour la 

semaine 28 sur les deux parcelles d'étude Grenache (a) et Syrah (b) mettent en évidence une 

organisation spatiale des valeurs d'iG-Apex. Les cartes correspondantes (c et d) confirment cette 

structure spatiale et illustrent les motifs spatiaux associés. 

Chapitre 5 :  

Le chapitre 5 présente les choix méthodologiques et technologiques mis en œuvre pour développer 

l’application mobile ApeX-Vigne. Cette application permet la mise en place du projet de FOS en 

proposant un outil de collecte collaborative d’observations d’iG-Apex. Ce chapitre montre que 

l'application ApeX-Vigne est facilement accessible et utilisable par les participants potentiels, 
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qu'elle permet de collecter des données selon un protocole standardisé et qu'elle enregistre des 

informations contextuelles (géolocalisation, date, opérateur, etc.) sur les observations recueillies 

(Figure 58). Les principaux utilisateurs de cette application sont les viticulteurs et les conseillers.  

 

Figure 58: Principaux écrans de l’application mobile ApeX-Vigne.  

Chapitre 6 :  

L’objectif de ce chapitre est de tester l’hypothèse 1 en évaluant la quantité d’observation 

collectées avec l’application ApeX-Vigne. Ce chapitre présente les résultats obtenus avec les 

observations collectées lors des saisons 2019 et 2020 sur une zone d’étude englobant l’ensemble 

de l’arc méditerranéen français (Figure 59).  

 

Figure 59 : Zone d’étude le long de l’arc méditerranéen français.  
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Les résultats montrent que l'application compte plus de 1200 téléchargements et 6000 

observations effectuées au cours de la saison 2020. Le nombre de téléchargements et 

d’observations hebdomadaires est cyclique (Figure 60) ce qui rend les méthodes d’évaluation 

existantes difficiles à mettre en œuvre.  

 

Figure 60 : Statistiques d'utilisation de l'application ApeX-Vigne. (a) Évolution du nombre 

d'installations et de désinstallations au cours des saisons 2019 et 2020 (lancement en semaine 21, 

2019) et (b) nombre d'observations réalisées par semaine sur la période d'utilisation (semaines 22 

- 35) de ces deux saisons. 

Ces résultats montrent que l’application ApeX-Vigne est appréciée et adoptée par les acteurs de 

la filière viticole. Elle permet donc de collecter un nombre important d’observations. Ils indiquent 

également que les observations collectées peuvent être utilisées comme aide à la décision aux 

échelles intra-parcellaire, inter-parcellaire et régionale. 

Chapitre 7 :  

Le premier objectif de ce chapitre est de proposer une méthode de gestion de la qualité des 

observations collectées dans le cadre de projets de FOS. Le second objectif est de mettre en 

œuvre cette méthode sur les données collectées à l’aide de l’application ApeX-Vigne sur la zone 

d’étude en 2020 afin d’en évaluer leur qualité et de tester l’hypothèse 2. La méthode proposée 
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s’appuie sur les caractéristiques attributaires, spatiales et temporelles des observations pour 

identifier de façon automatique celles qui sont aberrantes ou surprenantes. Pour cela, elle identifie 

un cluster correspondant aux observations de bonne qualité en étudiant leur densité à l’aide de la 

méthode DBSCAN. Les observations qui n'appartiennent pas à ce cluster sont considérées comme 

des observations aberrantes ou surprenantes. La comparaison des résultats obtenus avec une 

labellisation réalisée par des experts a montré que cette approche était robuste, qu’elle avait une 

bonne spécificité et une bonne sensibilité aux observations aberrantes. L'approche a également 

été capable d'identifier automatiquement des observations considérées comme surprenantes. Ces 

observations surprenantes correspondaient à des valeurs aberrantes qui n’avaient pas été 

identifiées lors de la première étape ou à des parcelles particulièrement précoces ou tardives par 

rapport à leur voisinage spatio-temporel (Figure 61).  

 
Figure 61: Représentation dans l’espace en 2 dimensions 𝑖𝐺-𝐴𝑝𝑒𝑥 𝑣𝑠 𝑇𝑒𝑚𝑝𝑠 des observations 

labélisées comme surprenantes par l’approche proposée.  

Chapitre 8 :  

Ce chapitre conclut les travaux de la thèse et ouvre des perspectives pour de futurs travaux de 

recherche. Les deux hypothèses testées portant sur la quantité d’observations collectées 

(hypothèse 1) et la qualité de ces observations (hypothèse 2) ont été validées pour le projet ApeX-

Vigne. Ce cas d’usage est représentatif des projets de FSO car il en partage les principales 

caractéristiques concernant i) le phénomène étudié, ii) le processus de collecte d’observations, iii) 

le jeu de données qui en résulte et iv) la disponibilité des données de référence. De plus, ce cas 

d’usage a été considéré sur une large emprise spatiale de plusieurs centaines de kilomètres, 

englobant de nombreux vignobles cultivés dans des conditions variées et au cours de plusieurs 

saisons. Les résultats obtenus sur le projet ApeX-Vigne peuvent donc être généralisés et les 

hypothèses 1 et 2 peuvent être considérées comme valides pour l’ensemble des projets de FSO.  

Néanmoins, l’approche mise en œuvre possède certaines limites. Tout d’abord, chacun des 

facteurs spécifiques n’a pas pu être testé indépendamment. A l’avenir, l’étude individuelle de 

chacun des facteurs de succès spécifiques pourrait être favorisée par l’émergence d’un plus grand 

nombre de projets de FSO permettant d’étudier des projets aux caractéristiques plus divers. 

Ensuite, les tests des hypothèses 1 et 2 reposent sur des méthodes d’évaluation de la quantité 

d’observations collectées et de la qualité de ces observations mal adaptés aux spécificités des 

projets de FSO. Pour de futurs travaux, la conception d’approches qui prennent en compte ces 
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spécificités dans l’évaluation de la quantité et de la qualité des observations permettrait de 

formuler et de tester des hypothèses plus précises.  

Les projets de FSO permettent de collecter des observations spatialisées, datées et objectivées 

puis de les partager. Ces projets et les méthodes associées pourraient être mis au service de 

collectifs regroupant des agriculteurs et/ou des chercheurs pour faciliter l’expérimentation en 

conditions réelles et dans des situations pédoclimatiques variées. Ils peuvent donc être vus comme 

un moyen d’accompagner l’agriculture dans sa transition en aidant les acteurs de l’agriculture à 

s’organiser collectivement pour répondre aux enjeux complexes et parfois contradictoires auxquels 

elle est confrontée. Cette approche visant à favoriser la construction de connaissances en 

s’appuyant sur des expérimentations menées par les agriculteurs en conditions réelles se développe 

de plus en plus dans la communauté scientifique où elle est appelée le On-Farm Experimentation. 

A l’avenir, les outils et les méthodes développés dans le cadre de cette thèse et plus largement 

dans le cadre des projets de FSO devraient pouvoir contribuer à cette communauté scientifique 

en émergence. 
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