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This document provides an overview of the requirements and specifications within the
VC3 Agri-Food and Beverage Industry Value Chain. Focused on the goals outlined in Work
Package 1, the report in T1.4 introduces and details four demonstrators: Yield Prediction,
Environmental Monitoring, Vineyard Disease Identification, and the "Prise de Mousse."
Tailored for VC3 partners involved in technology development and companies in the agri-
food and beverage industry interested in value chain capabilities, the document
establishes specifications, functional and non-functional requirements, and terminology.
It describes various focus points related to VC3 Agri-Food and Beverage Industry and lists
the relevant standards for the demonstrators.

In alignment with project activities, this report leverages common factors from Task 1.1.
The requirements and specifications defined herein serve as a foundational framework
for subsequent Work package developments, covering architecture and system design,
component development, Edge-Al modelling training and integration, as well as the
system’s validation. Ultimately, this deliverable helps to drive the VC3 Agri-Food and
Beverage Industry Value Chain's objectives towards the development of innovative
technologies for within the agri-food and beverage sector.

2 Non-publishable summary

N/A

3 Introduction and Scope

3.1 Purpose and target group

This report covers the implementation of the proposed requirements framework (D1.4)
for the demonstrators in the EdgeAl Value Chain 3 (VC3) Agri-Food and Beverage Industry.
It comprises functional and non-functional requirements, terminology, and relevant
standards. The main target groups are VC3 partners who are involved in described
technology development, implementation and testing in following work packages and
agri-food and beverage industry companies that are interested in the Al capabilities at the
edge as part of the automation and digitalization processes.

3.2 Contributions of partners
Table 3.1 briefly explains which partner were involved and their activities in their various

chapters.

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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Table 3.1 Partner contribution

Chapter | Partner Contribution

All URCA URCA leads the elaboration of D1.4 and leads the demonstrators

chapters V(3.1 and 3.3.In T1.4/D1.4 URCA addressed the analysis of edge Al
applications developed in the VC3 demonstrators and worked with
the partners in the value chain to define the requirements and
specifications including the KPIs and measures for validation.

All STM-FR STMR-FR together with STM-FR is leading the value chain VC3 and

chapters working with partners toward the definition of requirements,
specifications and KPIs

All STMR-FR STMR-FR together with STM-FR is leading the value chain VC3 and

chapters working with partners toward the definition of requirements,
specifications and KPIs

All HMU HMU is collaborating with ST on the SW for STM32 and contribution

chapters to VCD3.2 and VCD3.4. HMU is supporting STM to define
requirements and specification

All UNIBO UNIBO is collaborating with ST for the custom board design that

chapters will be used with STM32. UNIBO is supporting STM to define
requirements and specification

All VPHV/VPP/CV | Vranken-Pommery group (VPHV/VPP/CV) collaborates with URCA

chapters and STM-FR by defining industrial objectives for the demonstrators
and providing personnel and the environment for dataset
acquisition.

All INPG INPG is collaborating with URCA to analyse and optimise

chapters application requirements and specifications. For all demonstrators,
the aim is to achieve high performance with low energy
consumption (micro- and deep-edge for real-time processing).

3.3 Relation to other activities in the project

Deliverable D1.4 is based on the work done in task T1.4 and addresses an analysis of

requirements and specification for EdgeAl in the domain of the Agri-Food and Beverage

Industry. An analysis of typical edge Al applications is conducted before requirements and

specifications (KPIs and measures) for the demonstrators and are defined according to

the target applications’ level. Finally, the implications of these requirements on the

required technical developments are presented.

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the

EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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4.1 Value chain overview

The Food and Agriculture Organisation of the United Nations estimates that 20 to 40% of
the world's crops are lost each year due to pests and diseases, but also to problems in
transportation and storage. The recent climate changes affect both aspects as they impact
the crops but also may hinder the quality of the products. Hence, Food and Beverage
manufacturers must respond quickly and effectively to these changes to keep up with
competitors.

This is especially true for the champagne manufacturing process, which is a challenging
process that involves many manual tasks and an important human experience.
Nevertheless, Al and ML techniques can be beneficial in many stages, and Edge loT and
Al are certainly part of the solution for an agriculture scenario. The proposed
demonstrators consist of several subsystems/components that cover the different
Champagne manufacturing process from the vineyard to the bottling. Indeed, an
advantage of the Champagne when compared to other agricultural products (cereals, e.g.)
is that the same actors intervene in the entire production chain, making it easier to track
the impact of each step in the final product.

The VC3 is focused on both optimization of industrial and agricultural processes, with an
expected contribution to the resiliency against climate change and a reduced
environmental footprint. Four demonstrators are aligned with VC3 and its objectives.

4.2 Value chain objectives

This Value Chain contributes to the goal of advancing the research and innovation in Al. It
focusses on both optimization of industrial and agricultural processes, with an expected
contribution to the resiliency against climate change and a reduced environmental
footprint, as well as the improvement of working conditions through the automation of
harsh or repetitive tasks.

These demonstrators address the following EdgeAl overall objectives:

e 01 - Develop Al-Edge based platforms.

e 02 - Provide scalable Al-based energy-efficient techniques.

e O3 - Define and describe functional and non-functional requirements, KPIs and
measures of the demonstrators.

e 04 - Integration of scalable and modular Al into the novel HW/SW Al open
architecture platforms.

In addition, VC3 aims at experimenting Al models deployed in both IlloT/Deep Edge
hardware and Meta Edge/Cloud servers. Indeed, optimization of models and migration of

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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part (or the totality) of Al inference to the Edge is one of the challenges of this VC, as it

contributes to a more scalable and resilient automation of food and beverage industry
processes.

4.3 Value chain structure and demonstrators

The VC1 structure and the list of demonstrators are presented in Table 4.1.

Table 4.1 VC3 Agri-Food and Beverage Industry structure and list of demonstrators

VC3 Agri-Food and Beverage Industry

Al and edge processing technologies

Al Technologies: Al-based modules, algorithms, middleware

Al Frameworks and Libraries: TFLite, PyTorch, ONNX Runtime, CUDA, TensorRT, TFLite Runtime
with EdgeTPU

Toolchains: Nano Edge Studio, CubeAl, Yocto

Edge Processing: Micro (Cellar), Deep (Environmental monitoring), Meta (Yield Prediction,
Diseases Detection)

HWY/SW Platforms: STM32, NVIDIA Jetson, Coral Edge TPU, novel sensors

Data: RGB/NDVI images, environmental sensors (temperature, humidity, vibration, sound,
pressure, rain, wind).

3.1 |Vineyard - Yield Prediction URCA, VPHV, CV, STM-FR

. . N STM- FR, VPHV, CV, URCA,
3.2 |Vineyard - Environment Monitoring HMU, UNIBO
3.3 |Vineyard - Disease Identification URCA, VPHV, CV, STM-FR, CEA

VPP, CV, URCA, STM-FR,
STMR-FR, HMU, UNIBO

3.4 |The “Prise de Mousse”

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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4.41 Demonstrator description

The yield prediction is used by all winegrowers to obtain decisive information for the
organisation of the harvest. Not only this all allows the estimation of the harvest’s volume
but also contributes to the logistics (how many people and trucks to deploy). In some
cases, like in the Champagne region, production quotas are set each year, so yield
prediction allows winegrowers to define how much of their production will be vinified as
champagne and how much will be sold to be transformed in other products (liquor/spirits,
industrial alcohol, etc.).

Traditionally, yield prediction is performed by statistical sampling where workers count
the number of grapes over a few plants or rows, and the expected yield is obtained by
crossing this data with historical records. A few grapes can be removed to estimate an
average berry number and grape weight, but this is a destructive process that cannot be
widely deployed. As a result, the typical estimation error reaches more than 30%.

In VCD 3.1, we aim at automatizing the yield prediction by using RGB cameras mounted
in a robotic tractor to collect images from the plants and fruits. Using Al algorithms, we
can therefore count these fruits and perform yield forecasts as soon as possible.
Furthermore, the automatic process can be deployed all over the vineyards, reducing the
error induced by the sampling. This also allows several passes over the growing season,
and we can create decision-aid tools such as density maps for each individual plot.

4.4.2 Demonstrator objectives and KPIs

The overall EdgeAl project objectives addressed in VCD 3.1 are presented in Table 4.2:

Table 4.2 VCD3.1 Objectives and KPIs

Demonstrator Objectives KPI Target Value

Object Recognition Accuracy of
Accurate accounting of | Edge Al application and its

Develop Al-Edge based platforms grapes/flower buds for | subsequent utilisation for yield

for end-to-end SW/HW stack {O1}

yield forecast. forecast shall fall below a 15% error
margin.
Integration of scalable and
modular Al into the novel HW/SW Adaption of the algorithms to
Al open architecture platforms | Scalable and Efficient | different Edge processing
{04}, considering functional and | Architecture platforms, including STM32, TPUs,
non-functional requirements GPUs or FPGAs

{03}

The automation of fruit counting is a central problem in smart agriculture as it has a direct
impact on the yield prediction and management. Several methods have been proposed

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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in recent years, and this concept has been applied to the detection of oranges [1], bell
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peppers [2], and lemons [3].

In the case of viticulture, winegrowers use yield estimation to get decisive information for
the business's economy, plant management, and harvest organization.

The interest in knowing the yields early enough involves several economic, administrative,
and qualitative objectives [4][5]. For example, winegrowers can manage the wine market
by estimating and controlling the crop volume on a regional or national scale.

Yield forecast also helps to increase the quality of the wines, by eliminating part of the
harvest by thinning out the bunches, as it has been proven that too high density may
hinder the quality of the grapes [5].

This is an essential element in some appellations such as Champagne [6] where annual
production quotas in kg/ha are defined and any excessive production cannot be
transformed in Champagne.

Traditionally, winemakers estimate their production by performing samplings on selected
land plots, using a simple formula such as Equation 1 for a given land area.

nb plants X nb grapes X avg grape weight

Yield (kg/ha) = surface

This procedure relies on both grape counting and weighting. Grapes are harvested among
a random sample allowing an estimation of the number of grapes by vine, the number of
berries per grape, and the weight of the berries. Furthermore, grape counting is mostly
performed by a human operator, leading to uncertainties on the precision and dubious
repeatability.

Weighting of the grapes, on the other hand, requires them to be harvested prematurely,

a destructive process that cannot be performed extensively.

Some works use historical data to limit grape weighting, but significant variations from
year to year can skew the predictions. As a result, a variation of 30% can be found between
the estimations and the reality [7].

Reducing this error is therefore essential for the organization of the harvest. By relying on
Al methods, we aim both at automatizing the process and reduce the counting error.
4.4.3 Demonstrator architecture

The overall architecture of the demonstrator is illustrated in Figure 4.1. A more detailed
view of the workflow is presented in Figure 4.2.

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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As presented in Figure 4.2, the proposed yield estimation workflow is composed by two
different steps.

In the first step, performed at the Deep Edge level, an embedded device with Al
capabilities equipped with a RGB camera and a GPS receiver scans the vineyard. Object
Detection algorithms trained to detect grape bunches performs the counting of the

grapes and stores thumbnail images from the interest zones (the bounding box around

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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the grapes). The GPS coordinates are also stored to allow the creation of a grape
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distribution map that may be helpful for the harvest logistics coordination.

At the return of the tractor to its base, image thumbnails and GPS data are uploaded to a
Meta Edge server or to the cloud and the second step may start. Here, the grape image is
segmented to identify and count individual berries (with the possibility of 3D recreation
of the grape for more accuracy). Finally, historical data such as the average berries size
and weight is combined with agrometeorological data from sensors in the vineyard,
allowing the estimation of the yield in kg/ha or hectolitres/ha.

4.44 Hardware and software building blocks

Edge Al hardware:

Because this demonstrator deals mostly with images, it is important to perform part of
the data analysis right on site. Furthermore, the production area may be off network so
data storage must be limited to the strict minimal. Hence, we need devices capable of
performing computer vision in real time. Al-capable devices such as Jetson Nano or the
STM32+Coral TPU processors may be used. Coupled with a RGB camera and an RTK-level
GPS receiver, this hardware may be embedded in a tractor and capture/analyse data
during the regular vineyard labour.

Edge Al-based algorithms:

Object detection algorithms from the YOLO family have been selected for the Edge Al step.
A model trained on a realistic dataset allows real-time detection and counting of the
grapes. Furthermore, this allows to focus only in interest zones so that only the bounding
boxes corresponding to the grapes are stored in the disk (in the form of thumbnails or
pre-convoluted images) for further analysis.

Grape distribution maps:

As the Edge Al device is coupled with an RTK-level GPS receiver, it is possible to tag the
grape thumbnails with their coordinates. Alternatively, a PPK (Post-processed kinematic)
analysis may be performed later, using the image capture timestamp. Such GPS
information allows the creation of detailed fruit density maps that are essential to the
harvest logistics: how many workers to deploy, how many crates and trucks to transport
the grapes, etc.

Yield forecasting:

After the initial data collection, grape thumbnails are uploaded to a Meta-Edge server or
the cloud, where a second image analysis takes place. First, semantic segmentation or
object detection algorithms are used to count individual grape berries. An optional 3D
reconstruction may be used to account for the volumetric content of a grape. The
resulting berry count is later used to estimate the production using both historical data

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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on the average berries sizes and weights, and meteorological data from V(3.2
(Environmental sensors), resulting in an accurate yield estimation.
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4.4.5 Framework, methods, and techniques

An overview of the programming language and the AlI/ML model training frameworks are
given in Table 4.3. As stated above, YOLO object detection is used at the Deep Edge level
to perform grape counting and data distillation. The frameworks and algorithms for step
2 (berry counting and yield estimation) are still under study.

Table 4.3 Edge Al/ML framework (VCD 3.1)

Programming
language

Al/ML framework Al development platforms

onnx P ONNX

O PyTorch

e =
python P Keras NVIDIA TensorRT =

¥ Tensor .
b STM32 Cube.Al SE“SBE.AT’ @

‘¢ TensorFlowlite = s
JupyterLab ~

4.4.6 Training implementation

A first dataset was obtained during Summer 2022, just before the harvest. Over 5000
images were acquired, and more than 2000 images were labelled. Training of a prototype
model was performed in a NVIDIA DGX-1 server from the ROMEO supercomputing center,
using PyTorch and the YOLO library. Onnx and TensorRT were used to adapt this model
to a Jetson TX2 device, allowing the deployment of an embedded devices running the
grape counting model. During the 2023 harvest, additional data (photos and videos) were
acquired, and used to improve the initial model as well as to feed a berry counting
algorithm that complements the grape counting model.

4.4.7 Inference implementation

Models trained at the ROMEO supercomputing center were optimized for Edge Al devices.
Both ONNX and TensorRT frameworks were tested. This allowed the first tuning of the
grape counting, using a device-optimized YOLO model in a Jetson Nano device. Field tests
were performed during Summer 2023 to account for real-time conditions like power
supply and environmental conditions such as heat and dust, but also to define the optimal
speed for data acquisition, as indicated in Table 4.4. Indeed, if the tractor moves too fast,
images tend to be blurred and the counting becomes less precise. The optimal value is in
the range of operational speed when performing field labour, qualifying therefore the
solution to be used during regular work on the vineyards.

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
EdgeAl KDT JU project consortium without prior permission of the beneficiaries in written form.
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Table 4.4 Grape counting accuracy vs tractor speed

Speed(km/h) Manual count IA count Detection accuracy (%)
2,5 2521 2344 93%
3 2521 2369 94%
3.5 2521 2470 98%
4 2521 2319 92%
4,5 2521 1890 75%
5 2521 1714 68%
5,5 2521 1613 64%
6 2521 1411 56%

4.4.8 Non-functional requirements

Three non-functional requirements (NFRs) are defined that match well the value chain

and its demonstrator VCD 3.1. One KPI and one measure are defined for each NFR. In

Table 4.5, Table 4.6 and Table 4.7 we present three relevant NFRs, KPIs and Measures for

the demonstrator.

Table 4.5 NFRs, KPIs and Measures for VCD3.1 - Connectability

NFR-1 Connectability

ID EdgeAl_VC3_D1_NFR-1

Name Connectability
Degree to which a product, system or component can connect with

Definition other products, systems, or components, and/or perform its required
functions

I How efficient and simple will the Il0T/Al can seamlessly connect to the
Description

autonomous robot

What is measured

lloT/Al functions connectability: Appropriate & flexible supply voltages

KPI [loT/Al connectability functions
Method of collection and|, ,. . o

Vineyard's detection and estimation.
measurement

Target value

Connectability improvement based on IloT/Al functions compared with
the start of the project

Verification and

validation method

Camera and Jetson Nano powered by the USB port of the Vitibot
autonomous robot

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
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Table 4.6 NFRs, KPIs and Measures for VCD3.1 - Security

NFR-2 Security
ID EdgeAl_VC3_D1_NFR-2
Name Security
- The system security is responsible for controlling access to system
Definition . e "
resources, which will include sensitive data
Description How secure the IloT/Al system will be

What is measured

[loT/Al functions security

KPI [loT/Al functions security

Method of collection and|. ,. : N
Vineyard's detection and estimation.

measurement

Target value

Ensure secure communications between different edge levels

Verification and

validation method

Current demonstrator works in offline mode

Table 4.7 NFRs, KPIs and Measures for VCD3.1 - Autonomous behaviour

NFR-3 Autonomous behaviour
ID EdgeAl_VC3_D1_NFR-3
Name Autonomous behaviour
Definition System autonomy is the ability of an intelligent system to independently
compose among different goals to accomplish based on its knowledge
_ How efficient is the synergy between the autonomous robot and the
Description

lloT/Al system while processing data from the environment

What is measured

lloT/Al functions autonomous behaviour: Modularity, Real-time,

Autonomy

KPI

[loT/Al Autonomous functions

Method of collection and
measurement

Vineyard's detection and estimation.

Target value

Improved correlation between accuracy and model execution speed:
more accurate, faster

Verification and

validation method

The demonstrator was adapted for real-time inference with vehicle
speed between 3 and 4 km/h. This was evaluated with an autonomous
robot

4.4.9 Functional requirements

Three functional requirements (FRs) are defined that match well the targeted

implementation of the

VCD 3.1 demonstrator and its system design. One KPIl and one

measure are defined for each FR, that will be used for supervising the development and
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the demonstrator results. In Table 4.8, Table 4.9 and Table 4.10 we present three relevant

FRs, KPIs and Measures for the demonstrator.

Table 4.8 FRs, KPIs and Measures for VCD3.1 - 11OT Detection

FR-1 I1OT Detection
ID EdgeAl_VC3_D1_FR-1
Name lloT detection.
- Real-time camera data collection in the autonomous straddling Robot
Definition ; . .
with edge computing capabilities.
Sescrision Type of different camera measurement parameters supported by the

system to detect grapes and dead plants.

What is measured

Capacity of a system to detect both grape and dead vines.

KPI

[loT detection.

Method of collection and
measurement

Camera used in production process optimization - monitoring grape
growing conditions in vineyards and dead plants.

Target value

Address different types of problems (Dead plants, yield estimation:
Grape detection, berry analysis).

Verification and

validation method

Grape detection with YOLO, Further image analysis for berries, wood
and stem detection.

Table 4.9 FRs, KPIs and Measures for VCD3.1 - Geo-positioning

FR-2 Geo-positioning
ID EdgeAl_VC3_D1_FR-2
Name Geo-positioning.
Definition The process of determining or estimating the geographic position of the
robot.
Description Type of different geo-positioning measurements.

What is measured

Geographical position

KPI

Geo-positioning.

Method of collection and
measurement

Compare and map geo-positioning with historical parcel maps.

Target value

Integration of RTK GPS.

Verification and

validation method

Accuracy of the geo-positioning.

Table 4.10 FRs, KPIs and Measures for VCD3.1 - Al algorithms

FR-2

Al algorithms

ID

EdgeAl_VC3_D1_FR-3

Name

Al algorithms.

This document and the information contained may not be copied, used, or disclosed, entirely or partially, outside of the
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Al pattern recognition learning algorithms based on RGB Camera data

Definition . . .
input in natural environment.
_ Pattern recognition capabilities - Al algorithms identifying grapes in a
Description . & P & ying grap
2D RGB image.
What is measured Measure the effective estimated grape count.
KPI Pattern recognition algorithms.

Method of collection and|Use of edge device on the autonomous robot during the BBCH77 period
measurement - June/july 2024,

Target value Estimate yield with an error estimation less than 15%.
Verification and|Strict and manageable manual grape counting. Comparison with Al
validation method estimated counting.

4.4.10 Verification, validation and testing initial plan

A first data collection took place in Summer 2023, and a preliminary bunch counting
model was already created with promising results (more than 95% of accuracy on fruit
counting). Subsets of this dataset are now being used to create a berry counting/weight
estimation model.

We expect to deploy a prototype at the Deep Edge level during Summer 2024 to validate
the grape counting model and get feedback to improve it. A prototype of the yield weight
model shall also be tested in Summer/Autumn 2024, as its validation requires post-
harvest data from the winegrowers as well as agro-meteorological data from VCD 3.2.

From this plan, a full operational prototype shall be tested during the 2025's harvest and,
if approved by winegrowers, could be later deployed at scale at their vineyards.

4.4.11 Al based standards relevant for the demonstrator

Different software quality standards defined in ISO 25010, ISO 25012 and corresponding
measures defined in I1SO 25023 and ISO 25024 which are also relevant for Al-based
systems have been studied and evaluated.

Furthermore such standards as ISO/IEC 22989:2022: “Information technology — Artificial
intelligence — Artificial intelligence concepts and terminology”, ISO/IEC TR
24030:2021:"Information technology — Artificial intelligence (Al) — Use cases”, ISO/IEC
23053:2022: “Framework for Artificial Intelligence (Al) Systems Using Machine Learning
(ML)" and ISO/IEC TR 24372:2021: “Information technology — Artificial intelligence (Al) —
Overview of computational approaches for Al systems” are relevant for the demonstrator.
Similarly, ISO/IEC TS 4213:2022: “Information technology — Artificial intelligence —
Assessment of machine learning classification performance” is related to the validation
procedures.
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The accomplished and next upcoming project milestones that are most relevant for the
VCD 3.1 demonstrator is given in Table 4.11.

Table 4.11 Project milestones relevant for the VCD 3.1 demonstrator

No | Milestone name | WPs | Date Means of verification Status VCD 2.2

M1 | Strategy and key WP1, |Jun Basis for EdgeAl strategic | Accomplished
elements for WP7, | 2023 | activities are concluded: Public | (D1.1-mQ7).
defining and WP8 communication (D7.1),
collecting the dissemination (D7.2), project
requirements and handbook (D8.1), risk
specifications. management plan (D8.2), first

revision of data management
plan (D8.3). On the technical side
the conceptual framework for
requirement analysis is finalized
(D1.1).

M2 | Agri-food and WP1 | Nov Deliverable D1.4, datasets and | Current
beverage industry 2023 | use-case specifications (D1.4-m12)
requirements and
specification for
edge Al

M3 | Al-models and WP2 | Apr Deliverable 2.6, Al models (not | Ongoing
frameworks 2024 | necessarily optimized for Edge | (D2.6-m18)

yet)

M4 | Methodologies for | WP6 | Feb Deliverable 6.1, Al models | Planned
edge Al 2025 optimize_d for Edge Al deployme_nt, (D6.1-m28).
benchmarking, prototyplng and benchmarking

L scenarios
validation, and
testing

M5 | HW/SW WP5 Sep Deliverables 51 and 5.4. | Planned
verification and 2025 | Deployment of prototypes on real | (p51-m21 and
integration usage environments. D5.4-m34)

M6 | Demonstrator WP6 | Nov Prototypes assessment in real | Planned
benchmarking, 2025 situations, feedback from end (D6.4-m36).
validation, and users. Report D6.4
testing

Demonstrator VCD 3.1 next steps towards the upcoming milestones:
Develop a gateway for automatic data upload from the Deep Edge device to the

Meta Edge/Cloud servers.

Develop optimization methods to enable real-time processing and predictability.

Improve the accuracy of yield prediction by crossing data with historical

measurements and meteorological information from VCD 3.2.

Continue the work on defining applications scenarios and developing demonstrator 1 in

VG3.
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4.5.1 Demonstrator description

Sensors for agriculture are one of the key elements for the digitization of the beverage
industry. As matter of the fact, they provide fundamental info that allow to assess the
health status of the vine giving to Vranken-Pommery (VPHV/VPP/VC) all the means to put
in place the most appropriate interventions.

The overall objective of the environmental monitoring system demonstrator (VCD 3.2) is
to develop a Decision Support Tool (DST) to protect Vranken-Pommery's vineyards,
anticipating diseases and health of the crops via an innovative environmental monitoring
system (EMS). The DST is advanced digital platform that will enable a more technologically,
economically, and environmentally efficient management of the champagne production.
Nowadays, the Champagne and Wine sector face an exponential increase of costs. Some
of this cost is due associated to the activity to observe and monitor key aspects of
production. The production for a company like Vranken-Pommery starts at the vineyards
and ends at the bottling. STM, POMM, URCA, INPG, HMU, UNIBO and TECX are
participating to optimise the aspects of production related to the vineyard implementing
the underline DST.

As mentioned, the key element of the EMS is the developments and the deployment of a
novel generation of agro-meteorological sensors enhanced by Al, that make possible to
register and obtain several data related to vine crops and the surrounding environment
(air and soil temperature/humidity and precipitation, ground water and wind). The
environmental monitoring system collects data from Al based sensors and other
environmental data, archives them in a cloud database and analyses the archived data to
build and deploy an effective prognostic module to predict and highlight the hydric stress
of the plants, to warn about favourable conditions for some diseases (mildew, black rot,
etc.) and to infer the yield production volume as the pluviometry directly impact the
grapes volume and weight in the 15 days prior to the harvest (related to VCD 3.1). Every
year, champagne vineyards are exposed to grapevine fungal diseases that affect the
plants and fruits. Black rot (Guignardia bidwellii), downy mildew (Plasmopara viticola),
powdery mildew (Erysiphe necator), and grey mold (Botrytis cinerea) are examples of
diseases that can affect grape quality and lower the productivity. Each fungus develops
under certain environmental conditions and detecting favourable conditions for the
spread of the diseases may lead to proactive actions to prevent crops contagious.

4.5.2 Demonstrator objectives and KPIs

The overall EdgeAl project objectives addressed in VCD 3.2 are presented in:
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Table 4.12 VCD3.2 Objectives and KPIs

Demonstrator Objectives

KPI

Target Value

Develop Al-Edge based platforms
for end-to-end environmental
monitoring {01} using advanced
multicore SoC architecture {03}

Large geographical
area to be covered
with a compact form
factor

Communication distance > 300 m
with natural obstacles (e.g., trees)
and the possibility to integrate the
system into the vineyard stakes

Provide scalable Al-based energy-
efficient techniques {02}

Energy saving during
communication steps.
Optimized power
consumption during Al
computation.

Possibility to reduce power
consumption through the usage of
a mesh network and micro edge
sensor fusion. targeting 5-8 years of
battery autonomy.

Implementing high quantification
in Al methods (1, 2, 4 bits) to reduce
the power consumption at least by
50%

Robustness and security attack
resilience of the Al
implementation, low power {O3}

Model accuracy under
adversarial attack

Reaching the same accuracy of a
full precision conventional model in
normal conditions

Integration of modular plant
sensors into the novel HW/SW Al
open architecture platforms used
for architecture monitoring {03}

Reconfigurable Al
based architecture

Novel generation of plant sensors
with Al support to improve the
updatability by  25%  while
improving the data
accuracy/quality by 40%

4.5.3 Demonstrator architecture

Data transmission from multiple sensor measurements were set up in each loT edge

node, retrieving real-time data from several agro-meteorological sensors and sending to
the Things Network cloud infrastructure via LoORaWAN gateways.
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Figure 4.3 Al architecture - Demonstration Architecture

The Things Network services has been configured to transfer any received sensor data to

the InFlux DB that has been implemented in a meta-edge server. An overview of the
overall architecture is displayed in Figure 4.3.
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4.5.4 Hardware and software building blocks

Co-funded by
the European Union

To implement VCD 3.2 will involve the development of different types of hardware
components classified as follow.

e The cloud: cloud resources hosted by cloud providers (eg AWS, AZURE, ARUBA, etc.)
to execute computing services that are delivered over the internet. These services
will be used by the VCD3.2 to run specific services such as protocol stack database
or visualization etc.

e The Meta-Edge are Cloud style resources executed in on premises data centres or
computer hardware clusters characterized by the possibility to use
containerisation managed by Kubernetes. The hardware at this layer will provide
on-demand access for computing and storage resource.

e Deep Edge Hardware with CPU, GPU and NPU comparable to PC but with more
compacts with several physical interfaces, supporting several connectivity
protocols. They can support virtualization and multitasking with the possibility to
execute real-time tasks. Finally, they provide several security features to guarantee
a secure connection with Micro Edge devices and Meta edge infrastructure.
Devices in this layer are networking equipment and controllers.

e Micro Edge are characterized by resources constrained devices that are
implemented by Microcontrollers (MCU). MCU is a compact integrated circuit that
includes a processor core with limited ISA but supporting Realtime, a memory, and
several programmable input/output peripherals (timers, communication ports,
ADT etc.). The micro-edge devices are also called loT Edge Devices. Depending on
the type of MCU we can span from simple and tiny IoT Edge devices to High
Performance (HP) loT Edge Devices integrating accelerators as for the Deep Edge
Hardware. Part of the Micro-edge are resources constrained devices implemented
by simple, low-cost processing element integrating sensors, mems etc. in a single
chip.

4.5.5 AIframework, methods, and techniques

To address the challenging requirements of VCD3.2 where several tiny ML solutions to
embed Al on microcontrollers, microprocessors, and smart sensors. We will focus on the
extensive offer provided by STM to meet the needs of VCD3.2.

Within Micro Edge, we can use NanoEdge Al Studio. With NanoEdge Studio it is possible
to easily generate ML libraries for your embedded devices, with millions of pre-built
models available. This means you do not need to collect and document large and complex
data sets. Your model can also be self-trained on your device. In addition, we can also use
STM32Cube.Al. Using STM32Cube Al Studio, it is possible to automatically optimize the
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trained artificial neural networks and generate the corresponding C-code for STM32
microcontrollers.
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Figure 4.4 STM32 development framework overview

Within Deep Edge Edge devices we can use OpenSTLinux, a complete framework allowing
to easily integrate Al models.

4.5.6 Training implementation

VCD 3.2 main purpose is to collect data to help the development of other decision-making
tools. This includes VCD 3.1 yield prediction as well as VCD 3.3 disease detection.
Nonetheless, Deep-Edge reasoning is also possible in the form of Al models deployed
directly to the microcontrollers.

4.5.7 Non-functional requirements

Table 4.13 NFRs, KPIs and Measures for VCD3.2 - Connectivity

NFR-1 Functional appropriateness
ID EdgeAl_VC3_D2_NFR1
Name Connectivity
Degree to which a product, system or component can connect with
Definition other products, systems or components, and/or perform its required
functions.

How efficient and simple will the IloT/Al can seamlessly connect to the
DST
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What is measured

Long Distance and large area

KPI

Connectability improvement based on IloT/Al functions compared with
the start of the project

Method of collection and
measurement

Distributed lloT systems deployed in Pommery vineyards and Cellars.
Many sensor data are collected using distributed sensor nodes and
brought to the cloud.

Target Value

25% Connectability improvement in term of area and/or distance

Verification and

validation method

Analytical measurements according to the real location of the IoT
sensor node at the end of the project

Table 4.14 NFRs, KPIs and Measures for VCD3.2 - BoM

NFR-2 Functional appropriateness
ID EdgeAl_VC3_D2_NFR2
Name BoM
Definition The property of a system to reduce the BoM in the endpoints
Description How cheap will the BoM of lloT/Al system.

What is measured

BoM cost

KPI

reduction compared with the start of the project

Method of collection and
measurement

System specification of the 10T sensor node

Target Value

20% cost reduction

Verification and

validation method

Analytical analysis accordingly the final version of the loT sensor node
components

Table 4.15 NFRs, KPIs and Measures for VCD3.2 - Maintainability

NFR-3 Functional appropriateness
ID EdgeAl_VC3_D2_NFR3
Name Maintainability
Degree of effectiveness and efficiency with which a product or system
Definition can be modified to improve it, correct it or adapt it to changes in
environment, and in requirements (ISO 25010).
How efficient will the [loT/Al modules contribute to perform and
Seserien improve the capability to adapt changes and new needs by

maintainability functions
modifiability, testability

(modularity, reusability, analysability,

What is measured

lloT/Al functions maintainability.

KPI

Maintainability improvement based on lloT/Al functions compared with
the start of the project

Method of collection and
measurement

Distributed lloT systems deployed in Pommery vineyards can be used
as testbeds to collect and to verify this NFR.
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Target Value

25% improvement

Verification and

validation method

Design improvement assessment, especially concerning water-
proofness and communication efficiency/range.

4.5.8 Functional requirements

Table 4.16 FRs, KPIs and Measures for VCD3.2 - lloT monitoring
FR-1 Functional appropriateness

ID EdgeAl_VC3_D2_FR1
Name lloT monitoring

o Realtime multi-sensor data collection in industrial environment with
Definition . -

deep edge computing capabilities.

Seserison Development of different sensors supporting Al at the edge and

integration in the loT monitoring Infrastructure

What is measured

Number of different parameters monitored/ collected.

KPI

Novel Al based sensors

Method of collection and
measurement

Sensors used in Monitoring grape in growing conditions in vineyards.

Target Value

>2

Verification and

validation method

The validation will be done on the field

Table 4.17 FRs, KPIs and Measures for VCD3.2 - Low power lloT wireless connectivity

FR-2 Functional appropriateness
ID EdgeAl_VC3_D2_FR2
Name Low power lloT wireless connectivity
Low Power wireless connectivity for IloT devices in industrial
Definition environments, gaining low power data transfer and seamless
integration
Description Long range Protocol supported by the system

What is measured

Battery lifetime

KPI Years
Method of collection and . .

The method includes a real-life usage of the system
measurement

Target Value

>5

Verification and

validation method

The validation will be done on the field
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Table 4.18 FRs, KPIs and Measures for VCD3.2 - Prognostic module
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FR-3 Functional appropriateness
ID EdgeAl_VC3_D2_FR3

Name Prognostic module

Prognostics management technologies reduce time and costs for

Definition . . o . -
implementing efficient diagnostic in crops.

An effective prognostic module using Al to predict and highlight the
Description hydric stress of the plants, to warn about favourable conditions for
some disease

What is measured Fungi diseases with a percentage of risk

KPI Number of diseases

Method of collection and|The module will collect via database all the information where Al

measurement methods will be applied
Target Value >1
Verification and

The validation will be done on the field

validation method

4.5.9 Verification, validation and testing initial plan

From the data obtained with the sensors, we plan to develop Al applications that can be
deployed directly over the sensors MCUs or run at the Meta-Edge/Cloud back-office.
Among the target application we can cite the downy mildew infection alert studied in [8].
Indeed, using data from traditional agro-meteorological sensors, the authors from [8]
created Al models capable of detecting favourable conditions for the development of
downy mildew. Several of the models were sufficiently lightweight to be deployed in a MCU,
allowing sensors to directly raise alerts. As the partner Vranken-Pommery inoculates
some of its plants with mildew to monitor its development (currently, human operators
regularly check the plants health), this would make a good validation environment for the
Al alert algorithms.

4.5.10 Al based standards relevant for the demonstrator

Different software quality standards defined in ISO 25010, ISO 25012 and corresponding
measures defined in I1SO 25023 and ISO 25024 which are also relevant for Al-based
systems have been studied and evaluated.

Furthermore such standards as ISO/IEC 22989:2022: “Information technology — Artificial
intelligence — Artificial intelligence concepts and terminology”, ISO/IEC TR
24030:2021:"Information technology — Artificial intelligence (Al) — Use cases”, ISO/IEC
23053:2022: “Framework for Artificial Intelligence (Al) Systems Using Machine Learning
(ML)" and ISO/IEC TR 24372:2021: “Information technology — Artificial intelligence (Al) —
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Overview of computational approaches for Al systems” are relevant for the demonstrator.
Similarly, ISO/IEC TS 4213:2022: “Information technology — Artificial intelligence —
Assessment of machine learning classification performance” is related to the validation
procedures.

4.5.11 Demonstrator milestones

Co-funded by
the European Union

Following the deployment of sensors at Vranken-Pommery vineyards, we can expect the

first tests during Spring/Summer 2024 to validate the models and to propose an alert-
raising protocol to be included in the web-based dashboard. According to the first results,
a wide-scale deployment can be expected in 2025.

Table 4.19: Project milestones relevant for the VCD 3.2 demonstrator

validation, and
testing

users. Report D6.4

No | Milestone name | WPs | Date Means of verification Status VCD 2.2

M1 | Strategy and key | WP1, | Jun Basis for EdgeAl strategic activities | Accomplished
elements for WP7, | 2023 | are concluded: Public | (D1.1-m07).
defining and WP8 communication (D7.1),
collecting the dissemination  (D7.2), project
requirements handbook (D8.1), risk
and management plan (D8.2), first
specifications. revision of data management plan

(D8.3). On the technical side the
conceptual framework for
requirement analysis is finalized
(D1.1).

M2 | Agri-food and WP1 | Nov | Deliverable D1.4, datasets and use- | Current
beverage 2023 | case specifications (D1.4-m12)
industry
requirements
and specification
for edge Al

M3 | Al-models and WP2 | Apr Deliverable 2.6, Al models (not | Ongoing
frameworks 2024 | necessarily optimized for Edge yet) | (D2.6-m18)

M4 | Methodologies WP6 | Feb | Deliverable 6.1, Al models | Planned
for edge Al 2025 | optimized for Edge Al deployment, | (D6.1-m28).
benchmarking, prototyping and benchmarking
validation, and scenarios
testing

M5 | HW/SW WP5 | Sep | Deliverables 5.1 and  5.4. | Planned
verification and 2025 | Deployment of prototypes on real | (D5.1-m21 and
integration usage environments. D5.4-m34)

M6 | Demonstrator WP6 | Nov | Prototypes assessment in real | Planned
benchmarking, 2025 | situations, feedback from end | (D6.4-m36).
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4.6 Vineyard - Disease Identification (VCD3.3)

Co-funded by
the European Union

4.6.1 Demonstrator description

Automated vine disease detection is a dynamic sub-field of Al research in agriculture
because it would allow for large scale detection of diseases on the field or after harvest.
The analysis may help produce a map of the affected zones, allowing champagne
manufacturers and winegrowers to rationalise the application of phytosanitary products
and reducing the shifts for the personnel.

In addition, some diseases need a strict monitoring according to each country
phytosanitary regulations: not only the detected cases must be declared but may also
require immediate actions, including plant removal. Automatizing the process helps both

to speed up the detection but also to cover more extensively the vineyards.

4.6.2 Demonstrator objectives and KPIs

The overall EdgeAl project objectives addressed in VCD 3.3 are presented in:

Table 4.20 VCD3.3 Objectives and KPIs

Demonstrator Objectives

KPI

Target Value

Develop Al based edge platforms
for end-to-end hardware/software
solutions to capture and analyse
images {01} using Al based
MCU/MPU {03}

Edge performance to
rival cloud.

Object Recognition Accuracy of
edge Al application should at least
match the Cloud counterpart
reaching 83% mean Average
Precision on type illness using novel
Al edge devices.

Optimization of Al performances
of STM32 technology thanks to
Neuromorphic Accelerator {02}

Improvement by a
factor of 50 in term of
TOPS/W compared to
the classical approach.

An opportunity to increase the
energy efficiency by memorizing
the synaptic weights of a neural
network reusing the structure of
the resistive memories.

Develop Al based mobile edge
platform integrating Al
middleware with the necessary
computation capability. {O1}

Scalable and Efficient
Architecture

Move at least 50% of the data
analysis directly on the edge
platform

Provide trustworthy and
explainable edge Al by design
solutions with real- time operation
capabilities and dynamic learning.
{06}

Real-time use of Edge
Al capabilities

Edge Al latency and response time
should allow real time use of device
(under 2 seconds)

4.6.3 Demonstrator architecture

The overall architecture of the demonstrator is illustrated in Figure 4.2. It shares the basic
arrangement from demonstrator 3.1, with a first step where data capture and real-time
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pre-processing at the Deep Edge level, followed by data transmission and offline analysis
by a Meta-Edge/Cloud server.
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' ' ‘Well trained: | g
s ] H 5 4 Carte b
! Low model depth ; | large CNN Business planning and logistics (ERP} i _(‘3;“, artography
' &width 1} i | —
W
O Applications
i : S \J Dashboard
H b e Information Management &
! 1
EERTSET ‘ i 1 High model depth
. Low level \ h i
sl : : ! & width : % S —— Edge Al
8 o MR R ProductionManufacturing Operations Management (MES h Inference: L
i Edgelevel | Cloud level '
Results $ L
directly e 3
from edge
Monitoring/Supervision

» Endlevel l-‘ Video processing

RTK GPS

PhysicalfField {Sensors/Actuators)

Figure 4.5 Conceptual architecture

In the first step, performed at the Deep Edge level, an embedded device with Al
capabilities equipped with a RGB camera (and eventually a NDVI camera) and a GPS
receiver scans the vineyard.

Classification algorithms trained to detect the presence of suspected organs (leaves,
bunches, shoots, or trunk), depending on the target diseases. This “coarse grain” detection
allows the reduction of images to store and analyse. The GPS coordinates are also stored
to easily locate the suspected plants.

At the return of the tractor to its base, images and GPS data are uploaded to a Meta Edge
server or to the cloud and the second step may start. Here, more advanced models are
used to locate and quantify the suspected organs, as well as classify the symptoms
according to the target diseases and their evolution stage. This step may be
complemented with an aggregation analysis where symptoms from neighbour plants are
reunited to evaluate the spread of the diseases and the urgency to act.

4.6.4 Hardware and software building blocks

Edge Al hardware:

Because this demonstrator deals mostly with images, it is important to perform part of
the data analysis right on site. Furthermore, the production area may be off network so
data storage must be limited to the strict minimal. Hence, we need devices capable of
performing computer vision in real time.

Al-capable devices such as Jetson Nano/TX2 or the STM32+Coral TPU processors may be
used. Coupled with a RGB camera and an RTK-level GPS receiver, this hardware may be
embedded in a tractor and capture/analyse data during the regular vineyard labour.
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Edge Al-based algorithms:

Binary of multi-class classification algorithms have been selected for the Edge Al step. This
allows for simpler models trained on different diseases to perform realtime detection of
diseases, without inferring about their spread. Furthermore, this allows to select only
suspected plants, whose photos will be stored and transmitted for later analysis.
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Disease spread maps:

As the Edge Al device is coupled with an RTK-level GPS receiver, a PPK (Post-processed
kinematic) analysis allows the creation of detailed disease distribution maps and the
location of suspected plants.

Disease location and quantification:

After the images from suspected plants are uploaded to a Meta-Edge server or the cloud,
a second image analysis takes place. Here, semantic segmentation or object detection
algorithms can be used to identify affected organs. Meteorological data from VC3.2
(Environmental sensors), may also be used to prevent incorrect detections as some
symptoms (e.g. dry leaves) may be a result from harsh weather conditions.

4.6.5 Framework, methods, and techniques

An overview of the programming language and the AlI/ML model training frameworks are
given in Table 4.3. As stated above, lightweight classification algorithms are used at the
Deep Edge level to perform a first disease detection, while the analysis on the Meta
Edge/Cloud servers rely on larger models for object detection and semantic
segmentation.

Table 4.21 Edge AI/ML framework (VCD 3.3)

Programming
language

Al development platforms

O PyTorch o € ONNX

==
Python P Keras NVIDIA TensorRT ="

.F Tensor

Al/ML framework

— @
. STM32 Cube.Al cubea
‘¢ TensorFlowLite wes

JupyterLab upyter

4.6.6 Training implementation
The dataset to be collected is still under evaluation:

» Definition of target diseases, with the help of winegrowers
o Data collection at the vineyard during the Spring/Summer 2024
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o Additional datasets from the literature will be used to improve the
robustness of the models under different conditions of data acquisition.

Co-funded by
the European Union

Recent works in the literature such as [9] point towards the usage of a hierarchical Al
analysis as proposed in this demonstrator, yet they often target a full cloud analysis. Our
decision to move the first step to the Deep Edge also requires a set of performance tests
to verify the capabilities of the Edge devices.

4.6.7 Inference implementation

Models shall be trained at the ROMEO supercomputing centre, before being optimized
for Edge Al devices. Similarly, to VC3.1, we shall conduct field tests to account for real-time
conditions during data acquisition and first detection inference, as well as data upload to
the servers.

4.6.8 Non-functional requirements

The non-functional requirements presented in this section are mostly related to the
learning/inference process as other NFR related to the material and communication have
already been stated in VCD3.1.

Table 4.22 NFRs, KPIs and Measures for VCD3.3 - Self-supervised training

NFR-1 Self-supervised training
ID EdgeAl_VC3_D3_NFR1
Name Self-supervised training
Definition Ability to create labelled images to improve the dataset
Seseriden The models should be able to train themselves to avoid time-consuming

image labelling

Precision of the self-labelled images with respect to human labelled
ones

What is measured

KPI Scalable and Efficient Architecture

Method of collection and|Continuous analysis of the accuracy of the models when including self-
measurement labelled images

Target Value No more than 5% of accuracy loss

Verification and

L Capacity to improve the dataset without imprecise labels
validation method pacity P p

Table 4.23 NFRs, KPIs and Measures for VCD3.3 - High resolution processing

NFR-2 High resolution processing
ID EdgeAl_VC3_D3_NFR2
Name High resolution processing
Definition Be able to analyse high-resolution images
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Description

Good image resolution is necessary for disease detection, but their
analysis is expensive. Models shall find the balance between accuracy
and inference time

What is measured

Adequation of the models for real-time analysis on the Edge devices

KPI Edge performance to rival cloud
Method of collection and|System-level indicators (memory, CPU usage) and processing queue
measurement size

Target Value

Real-time analysis on the edge or at least respecting a bounded buffer
size

Verification and

validation method

Field tests with the data collection / first analysis step

Table 4.24 NFRs, KPIs and Measures for VCD3.3 - High accuracy for diseases discrimination

NFR-3 High accuracy for diseases discrimination
ID EdgeAl_VC3_D3_NFR3
Name High accuracy for diseases discrimination
Definition Capability of accurate classification in a multi-class model
Description Models should be able to differentiate the diseases with high accuracy

What is measured

Multi-class accuracy/recall; loU when detecting target objects

KPI

Edge performance to rival cloud

Method of collection and
measurement

Stress analysis with images including real symptoms as well as
confounding symptoms from other causes

Target Value

More than 75% accuracy on selected diseases

Verification and

validation method

Classification assessment by winegrowers and plant disease experts.

4.6.9 Functional requirements

Table 4.25 FRs, KPIs and Measures for VCD3.3 - Inference on the edge

FR-1 Inference on the edge
ID EdgeAl_VC3_D3_FR1
Name Inference on the edge
Definition Capability to perform Al inference on edge devices
Sz Models will be executed on low powered edge devices with Al

acceleration

What is measured

Model adequation to the limited available computing resources

KPI

Real-time use of Edge Al capabilities

Method of collection and
measurement

System indicators (memory, CPU usage)
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Target Value

Lightweight models that fit in the devices

Verification and

validation method

Capacity of processing data in (quasi) real time, with reduced storage
footprint. The hardware prototype running the model shall be able to
perform data collection and in-situ analysis covering a full vineyard plot
without pauses.

Table 4.26 FRs, KPIs and Measures for VCD3.3 - Fast inference speed

FR-2 Fast Inference Speed
ID EdgeAl_VC3_D3_FR-2
Name Fast inference speed
Definition Reduce inference time
Srsrida Models and data workflow allowing quasi-real-time analysis at the edge

and less than 1 minute analysis on the meta edge/cloud servers

What is measured

Inference time, s

KPI Real-time use of Edge Al capabilities
Method of collection and .

Benchmarks on the processing queue delays.
measurement

Target Value

Quasi-real-time analysis at the edge and less than 1 minute analysis on
the meta edge/cloud servers

Verification and

validation method

For the Edge inference, inference shall not disturb the operation during
the scan of a full vineyard plot. Once the data is uploaded to meta
edge/cloud, results may be available within a reasonable time, an with
a progress bar-like indicator.

Table 4.27 FRs, KPIs and Measures for VCD3.3 - Disease mapping with a GPS

FR-3 Disease mapping with a GPS
ID EdgeAl_VC3_D3_FR-3
Name Disease mapping with a GPS
Definition Automatic map generation accessible through a web interface
Hreseridon RTK/PPK GPS coordinates are used to indicate the location of suspected

plants in a map.

What is measured

Meta Edge/Cloud services to the final user

KPI Edge performance to rival cloud

Method of collection and . .
Generation of maps and the feedback from winegrowers

measurement

Target Value

Adoption by the final users

Verification and

validation method

Confidence to locate real disease spots
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4.6.10 Verification, validation and testing initial plan
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Following the data collection that will take place in Spring/Summer 2023, the
demonstrator partners initially proceed data labelling and training, using the ROMEO
Supercomputing Centre capabilities.

Contrarily to [10], where the images were collected using an industrial flash to ensure a
constant luminance on the photos regardless of the environmental circumstances, the
datasets for this demonstrator will be composed of images collected in natural conditions.
It is expected that we can reach similar performances.

From this plan, a first prototype shall be tested before the 2025's harvest and, if approved
by winegrowers, could be later deployed at scale at their vineyards.

4.6.11 Al based standards relevant for the demonstrator

Different software quality standards defined in ISO 25010, ISO 25012 and corresponding
measures defined in ISO 25023 and ISO 25024 which are also relevant for Al-based
systems have been studied and evaluated.

Furthermore such standards as ISO/IEC 22989:2022: “Information technology — Artificial
intelligence — Artificial intelligence concepts and terminology”, ISO/IEC TR
24030:2021:"Information technology — Artificial intelligence (Al) — Use cases”, ISO/IEC
23053:2022: “Framework for Artificial Intelligence (Al) Systems Using Machine Learning
(ML)" and ISO/IEC TR 24372:2021: “Information technology — Artificial intelligence (Al) —
Overview of computational approaches for Al systems” are relevant for the demonstrator.

Similarly, ISO/IEC TS 4213:2022: “Information technology — Artificial intelligence —
Assessment of machine learning classification performance” is related to the validation
procedures.

4.6.12 Demonstrator milestones

The development of this demonstrator will take place from Spring 2024, to piggyback the
platform already developed for VCD3.1.

The next table lists past milestones and next ones.

Demonstrator VCD 3.3 next steps towards the upcoming milestones:
e Perform data collection at Champagne Pommery vineyards.
e Create a dataset using both manual labelled images and self-labelled ones.
e Develop models for both detection and location of diseases, as well as a web
interface to visualize the results.
e Deploy a prototype during Spring/Summer 2025
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Table 4.28 Project milestones relevant for the VCD 3.3 demonstrator

No | Milestone name | WPs | Date Means of verification Status VCD 2.2

M1 | Strategy and key | WP1, | Jun Basis for EdgeAl strategic | Accomplished
elements for WP7, | 2023 activities are concluded: Public | (D1.1-m07).
defining and WP8 communication (D7.1),
collecting the dissemination (D7.2), project
requirements and handbook (D8.1), risk
specifications. management plan (D8.2), first

revision of data management
plan (D8.3). On the technical side
the conceptual framework for
requirement analysis is finalized
(D1.1).

M2 | Agri-food and WP1 | Nov Deliverable D1.4, datasets and | Current
beverage industry 2023 | use-case specifications (D1.4-m12)
requirements and
specification for
edge Al

M3 | Al-models and WP2 | Apr Deliverable 2.6, Al models (not | Ongoing
frameworks 2024 | necessarily optimized for Edge | (D2.6-m18)

yet)

M4 | Methodologies WP6 | Feb Deliverable 6.1, Al models | Planned
for edge Al 2025 | optimized for Edge Al | (D6.1-m28).
benchmarking, deployment, prototyping and
validation, and benchmarking scenarios
testing

M5 | HW/SW WP5 | Sep Deliverables 51 and 5.4. | Planned
verification and 2025 | Deployment of prototypes onreal | (D5.1-m21 and
integration usage environments. D5.4-m34)

M6 | Demonstrator WP6 | Nov Prototypes assessment in real | Planned
benchmarking, 2025 | situations, feedback from end | (D6.4-m36).

validation, and
testing

users. Report D6.4
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4.7 The “Prise de Mousse” (VCD3.4)
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4.7.1 Demonstrator description

In VCD 3.4 we are interested in the monitoring of the second fermentation/ageing phase
of Champagne production. It comprises a better understanding of the parameters
involved in the biological process (quantity of yeast, environmental conditions) but also
the identification and location of bottle explosions. Second formation takes place inside
the bottles, which are staked by thousands in underground galleries (Champagne
Pommery owns more than 18km of underground galleries).

Despite precautions, hundreds of bottles explode during this phase, e.g., due to
overpressure or glass-flawed bottles. As a result, several other bottles may break, and the
stacks may partially collapse. This VCD aims at securing the workers' conditions and help
understand if explosions occur due to problems in the production chain.

By associating sound and vibration sensors, bottle explosion detection can be performed
with dedicated Al algorithms deployed at the micro-edge level. A further benefit is that
the association with data from other sensors such as temperature and humidity and the
production context may help the manufacturers to identify production-chain problems
and correct them through data analysis at meta-edge level.

4.7.2 Demonstrator objectives and KPIs
The overall EdgeAl project objectives addressed in VCD 3.4 are presented in:

Table 4.29 VCD3.4 Objectives and KPIs
Demonstrator Objectives KPI Target Value

Edge
performance
operational in
harsh conditions.

Ensure redundancy in the
communication with at least 2
paths to reach the node.

Develop Al based edge platforms for end-
to-end hardware/
software solutions {01}

Implementation of reconfigurable Al-based | Scalable and Possibility to deploy updates
architectures for increasing the re- and efficient and maintain the SW of Edge Al
useability, updatability/upgradability, and | architecture application with minimal down-
service life of the multisensory input time of device (under 30 mins
system {O5} of downtime per update)

To provide anomaly detection of events in Self-training at the edge of the
the cave with the possibility to identify the | Anomaly anomaly detection targeting a
bottles and their localization within the | detection development time reduction by
caves {06} a factor of 3to 10

Development of Al-based METAVERSE
supporting different hardware platforms | New tailored loT
acting as a 3D user interface to the IoT | user experience

devices. {02}

An augmented reality for loT
data-driven  decisions  with
minimum training
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4.7.3 Demonstrator architecture

Monitoring the second fermentation process is a multidomain task where both biological,
chemical, and physical factors may affect the result. In addition, environmental factors
such as temperature and exposition to light also contribute to the success or the failure.
Hence, this demonstrator shall rely on several data sources including biological analysis
(percentage of sugar, amount, and quality of the yeast), internal bottle pressure, and
environmental data obtained from IoT sensors.

Al-based loT nodes are deployed in the cellars, monitoring the conditions during the
second fermentation. The second fermentation step (called “prise de mousse”) relies on
the addition of yeasts and sugar to the still wine. As this occurs in a closed environment
(the bottle), the concentration of CO, gives birth to the sparkling wine. The excess
pressure can be measured using an aphrometer (pressure gauge), allowing to follow the
success of the fermentation process.
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Figure 4.6 Steps in the production of Champagne

Figure 4.7 Deploying sensors in the Champagne cellars.
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Figure 4.8 Overall architecture

We propose to deploy Edge-Al sensors and gateways based on the STM32 platform, as
illustrated in Figure 4.8. We aim to adopt a Hub-and-Spoke strategy where sensors
deployed in the production area (spokes) are enriched with Al-capabilities to perform on-
site data analysis and to adapt to specific conditions.

A gateway or server (hub), on the other site, may gather data for storage, visualization and
to coordinate the distributed Al training. Indeed, Federated Learning may help to develop
multi-objective Al models that can predict several threats and harmful conditions and
adapt to the characteristics of the production environment.

Data transmission from multiple sensor measurements were set up in each loT edge
node, retrieving real-time data from sensors installed in the champagne cellars and
sending to the Things Network cloud infrastructure via LoORaWAN gateways. The Things
Network services has been configured to transfer any received sensor data to the InFlux
DB that has been implemented in a meta-edge server.

4.7.4 Hardware and software building blocks

To implement VCD 3.4 will involve the development of different types of hardware
components classified as follow.

e The cloud: cloud resources hosted by cloud providers (e.g. AWS, AZURE, ARUBA,
etc.) to execute computing services that are delivered over the internet. These
services will be used by the VCD3.4 to run specific services such as protocol stack
database or visualization etc.
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e The Meta-Edge are Cloud style resources executed in on premises data centres or
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computer hardware clusters characterized by the possibility to use
containerisation managed by Kubernetes. The hardware at this layer will provide
on-demand access for computing and storage resource. Meta-Edge or cloud
servers will also be responsible for the data merging between sensors and other
data sources (biological analysis, for example).

e Deep Edge Hardware with CPU, GPU and NPU comparable to PC but with more
compacts with several physical interfaces, supporting several connectivity
protocols. They can support virtualization and multitasking with the possibility to
execute real-time tasks. Finally, they provide several security features to guarantee
a secure connection with Micro Edge devices and Meta edge infrastructure.
Devices in this layer are networking equipment and controllers.

e Micro Edge are characterized by resources constrained devices that are
implemented by Microcontrollers (MCU). MCU is a compact integrated circuit that
includes a processor core with limited ISA but supporting Realtime, a memory, and
several programmable input/output peripherals (timers, communication ports,
ADT etc.). The micro edge devices are also called 10T Edge Devices. Depending on
the type of MCU we can span from simple and tiny loT Edge devices to High
Performance (HP) lIoT Edge Devices integrating accelerators as for the Deep Edge
Hardware. Part of the Micro-edge are resources constrained devices implemented
by simple, low-cost processing element integrating sensors, mems etc. in a single
chip.

4.7.5 AIframework, methods, and techniques

To address the challenging requirements of VCD3.4, several tiny ML solutions will be used
to embed Al on microcontrollers, microprocessors, and smart sensors. Hence, we will
focus on the extensive offer provided by STM to meet the needs of VCD3.4.

Within Micro Edge, we can use NanoEdge Al Studio. With NanoEdge Studio it is possible
to easily generate ML libraries for your embedded devices, with millions of pre-built
models available. This means you do not need to collect and document large and complex
data sets. Your model can also be self-trained on your device. In addition, we can also use
STM32Cube.Al. Using STM32Cube Al Studio, it is possible to automatically optimize the
trained artificial neural networks and generate the corresponding C-code for STM32
microcontrollers.

Within Deep Edge Edge devices we can use OpenSTLinux, a complete framework allowing
to easily integrate Al models.

At the Meta-Edge/Cloud level, more traditional AI/ML model training frameworks shall be
used, as illustrated in in Table 4.3.
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Table 4.30 Edge AI/ML framework (VCD 3.4)

Programming

Al/ML framework Al development platforms
language

O PyTorch
Python P Keras stm32 cubeal i &

< '.‘ Tensor JupyterLab

“t" TensorFlowl ite

4.7.6 Training implementation

A training dataset shall be created to feed machine learning models. The data can take
various forms, such as microscopy images from biological analysis of the wine, but also
as time-series where the output from sensors follow environment changes and the
evolution of the internal bottle pressure. Training data includes:

e Training method, where the differences in data types (structured and
unstructured) influence the need for volumes of data.

e Data labelling or annotation techniques.

e The way data is combined and fed to the system.

e Error tolerance quotient, (% of errors that is negligible in the defined scenario).

4.7.7 Inference implementation

Models implemented for this demonstrator shall respond to the constraints of their
deployment environment. Therefore, Deep/Micro Edge devices, located at the cellar, may
perform basic Al operations like detection of anormal behaviour (outliers). Meta-Edge and
cloud servers are less restricted in resources and may therefore implement high-level Al
models for extensive data analysis, including causality analysis and the monitoring of the
second fermentation according to Al forecast models.

4.7.8 Non-functional requirements

Table 4.31 NFRs, KPIs and Measures for VCD3.4 - Connectivity

NFR-1 Functional appropriateness
ID EdgeAl_VC3_D4_NFR1
Name Connectivity
Degree to which a product, system or component can connect with
Definition other products, systems, or components, and/or perform its required
functions.
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Description

How efficient and simple will the IloT/Al can seamlessly connect to the
DST

What is measured

Long Distance and large area

KPI

Connectability improvement based on IloT/Al functions compared with
the start of the project

Method of collection and
measurement

Distributed lloT systems deployed in Pommery vineyards and Cellars.
Many sensor data are collected using distributed sensor nodes and
brought to the cloud.

Target Value

25% Connectability improvement in term of area and/or distance

Verification and

validation method

Analytical measurements according to the real location of the IoT
sensor node at the end of the project

Table 4.32 NFRs, KPIs and Measures for VCD3.4 - BoM

NFR-2 Functional appropriateness
ID EdgeAl_VC3_D4_NFR2
Name BoM
Definition The property of a system to reduce the BoM in the endpoints
Description How cheap will the BoM of lloT/Al system.

What is measured

BoM cost

KPI

reduction compared with the start of the project

Method of collection and
measurement

System Specification of the 10T sensor node

Target Value

20% cost reduction

Verification and

validation method

Analytical analysis accordingly the final version of the loT sensor node
components

Table 4.33 NFRs, KPIs and Measures for VCD3.4 - Maintainability

NFR-3 Functional appropriateness
ID EdgeAl_VC3_D4_NFR3
Name Maintainability
Degree of effectiveness and efficiency with which a product or system
Definition can be modified to improve it, correct it or adapt it to changes in
environment, and in requirements (ISO 25010).
How efficient will the lloT/Al modules contribute to perform and
Seserien improve the capability to adapt changes and new needs by

maintainability functions
modifiability, testability

(modularity, reusability, analysability,

What is measured

lloT/Al functions maintainability.

KPI

maintainability improvement based on IloT/Al functions compared with
the start of the project
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Method of collection and
measurement

Distributed IloT systems deployed in Pommery vineyards can be used
as testbed to collect and to verify this NFR.

Target Value

25% improvement

Verification and

validation method

Lifetime monitoring of batteries for sensors in the cellars, as well as the
easiness to locate them and proceed with maintenance (batteries,
antennas) at the end of their lifetime.

4.7.9 Functional requirements

Table 4.34 FRs, KPIs and Measures for VCD3.4 - lloT monitoring

FR-1 Functional appropriateness
ID EdgeAl_VC3_D4_FR1
Name lloT monitoring
Definition Realtime multi-sensor data collection in industrial environment with
deep edge computing capabilities.
Srsrida Development of specific sensor supporting Al at the edge and

integration in the loT monitoring Infrastructure

What is measured

Number of different parameters monitored/ collected.

KPI Novel Al based sensors specific to prise de mouse

Method of collection and . Lo : . . o
Sensors used in Monitoring grape in growing conditions in vineyards.

measurement

Target Value >2

Verification and — . '

o The validation will be done on the field
validation method
Table 4.35 FRs, KPIs and Measures for VCD3.4 - lloT connectivity
FR-2 Functional appropriateness

ID EdgeAl_VC3_D4 _FR2

Name lloT wireless connectivity combined with wired communication

Definition Wireless connectivity for lloT devices in environments, gaining low
power data transfer and seamless integration

Description Long range Protocol supported by a powerful gateway integrating Al

What is measured Number of connected loT node

KPI Number of connected loT node

Method of collection and . ;
The method includes a real-life usage of the system

measurement

Target Value >20

Verification and _ . '

.I ! : ! The validation will be done on the field
validation method
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Table 4.36 FRs, KPIs and Measures for VCD3.4 - Prise de mousse sensor

FR-3 Functional appropriateness

ID EdgeAl_VC3_D4_FR3

Name Prise de mousse sensor

Definition A novel prise de mousse sensor enhanced by Al

Srserziden An effective prise Fie mou§se sensor will be developed using Al to follow
second fermentation/ageing phase

What is measured second fermentation/ageing phase

KPI To detect unusual pressure readings and bottle explosion

Continuous monitoring of bottle pressure on selected wine samples.

Method of collection and e L ) .. )
Identification of nominal conditions/behaviour, as well as abnormal

measurement o . . .
conditions (maybe with the help of non-conform wine mixes).
Target Value >2
Verification and|The validation will be done on the field, with alerts raised in case of
validation method abnormal readings

4.7.10 Verification, validation and testing initial plan

As this demonstrator does rely on experimental tools and datasets and aims a lower TRL,
its verification/validation cannot be immediately assessed. Indeed, we expect the first
dataset analysis to infer the parameters affecting the second fermentation process and,
from this analysis, give form to the Al models that will be trained and tested.

Validation will also depend on the repeatability of the experiments so that models made
with data from the first year (2024) proof to be sufficiently robust to handle 2025 data.

4.7.11 Al based standards relevant for the demonstrator

Different software quality standards defined in ISO 25010, ISO 25012 and corresponding
measures defined in ISO 25023 and ISO 25024 which are also relevant for Al-based
systems have been studied and evaluated.

Furthermore such standards as ISO/IEC 22989:2022: “Information technology — Artificial
intelligence — Artificial intelligence concepts and terminology”, ISO/IEC TR
24030:2021:"Information technology — Artificial intelligence (Al) — Use cases”, ISO/IEC
23053:2022: “Framework for Artificial Intelligence (Al) Systems Using Machine Learning
(ML)" and ISO/IEC TR 24372:2021: “Information technology — Artificial intelligence (Al) —
Overview of computational approaches for Al systems” are relevant for the demonstrator.
Similarly, ISO/IEC TS 4213:2022: “Information technology — Artificial intelligence —
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Assessment of machine learning classification performance” is related to the validation
procedures.

4.7.12 Demonstrator milestones
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In this first year, discussions around VCD3.4 focused on the requirements and the design
if the sensors to be deployed. A first dataset will be collected during Autumn 2024, with

the subsequent data analysis and the training of the first Edge Al models. A second

campaign on Autumn 2025 will help demonstrating the efficiency of the models and, if
successful, Al models shall be transferred to 10T sensors and deployed at scale on the
following years.

Table 4.37: Project milestones relevant for the SCD 3.4 demonstrator

No | Milestone name | WPs | Date Means of verification Status VCD 2.2

M1 | Strategy and key | WP1, | Jun Basis for EdgeAl strategic | Accomplished
elements for WP7, | 2023 | activities are concluded: Public | (D1.1-mQ7).
defining and WP8 communication (D7.1),
collecting the dissemination (D7.2), project
requirements handbook (D8.1), risk
and management plan (D8.2), first
specifications. revision of data management

plan (D8.3). On the technical side
the conceptual framework for
requirement analysis is finalized
(D1.1).

M2 | Agri-food and WP1 | Nov Deliverable D1.4, datasets and | Current
beverage 2023 | use-case specifications (D1.4-m12)
industry
requirements
and specification
for edge Al

M3 | Al-models and WP2 | Apr Deliverable 2.6, Al models (not | Ongoing
frameworks 2024 | necessarily optimized for Edge | (D2.6-m18)

yet)

M4 | Methodologies WP6 | Feb Deliverable 6.1, Al models | Planned
for edge Al 2025 | optimized for Edge Al | (D6.1-m28).
benchmarking, deployment, prototyping and
validation, and benchmarking scenarios
testing

M5 | HW/SW WP5 | Sep Deliverables 51 and 5.4. | Planned
verification and 2025 | Deployment of prototypes onreal | (D5.1-m21 and
integration usage environments. D5.4-m34)

M6 | Demonstrator WP6 | Nov Prototypes assessment in real | Planned
benchmarking, 2025 situations, feedback from end | (D6.4-m36).
validation, and users. Report D6.4
testing
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Main synergy opportunities can be expected with VC1 Digital Industry and VC2 Energy, as
several demonstrators in these VC share a common mix of sensor deployment, Edge Al
inference and communication challenges.

Some opportunities can also arise when collaborating with VC5 Digital Society as, despite
its more human-centric application, datasets from VC5 include image and time-series
sensor data whose processing has similarities with the methods and Al models foreseen
for VC3.

6 Conclusion

6.1 Contribution to overall picture

This document provides an overview of the four demonstrators within the VC3 Agri-Food
and Beverage Industry:

e Yield Prediction (VCD3.1)

e Environmental Monitoring (VCD3.2)

e Vineyard Disease Identification (VCD3.3)
e The “Prise de Mousse” (VCD3.4)

These demonstrators collectively address challenges faced by the Champagne beverage
industry (but easily generalized to other food/beverage domains). The contributions made
in this deliverable can only be possible due to the collaborative effort from all partners,
which contribute both to the specification of the problems, the requirements, as well as
the materials and approaches to deliver efficient and reliable edge Al solutions. Most of
the document describes the efforts made up to now and set milestones and objectives
for the subsequent work packages: it provides architecture and system design
specifications, hardware, and software requirements, and describes how to integrate data
acquisition, models’ training and their subsequent verification and validation.

6.2 Relation to the state-of-the-art and progress beyond it

Table 6.1 State-of-the-art and beyond

Partner (VCD) Description

Several works currently focus on fruit counting using Al models. However, fewer
VCD3.1 authors try to provide detailed yield predictions and limit to a linear regression
computation. The approach adopted in VCD3.1 includes other parameters such
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as historical yield and agro-meteorological data, which shall provide more
precise estimations.

VCD3.2

The industry of agro-meteorological sensors still relies on a “all to the cloud”
approach where the sensors do not play a role in the decision-making process.
VCD3.2 aims at deploying Al models directly on the sensors.

VCD3.3

As in VCD3.1, viticulture industry develops several strategies to automatize
disease monitoring, with good results. The work developed in VCD3.3 tries to go
beyond the state-of-the-art by relying on images collected under natural
conditions, rather than in controlled environments. Indeed, the Al models’
robustness is one of the main objectives, as this allows a wide-scale deployment
of solutions.

VCD3.4

VCD3.4 is a more experimental demonstrator, where different elements will be
investigated to monitor the second fermentation process. Current works are
mainly manual, relying on laboratory analysis and the experience of the
winemakers. VCD3.4 aims therefore to establish data acquisition and monitoring
procedures to automatize the process.

6.3 Impacts to other WPs, Tasks and SCs

In the following table we list the main contributions expected for each partner. Some

partners are essentially related to VC3, but others have a transversal role among different

SCs.

Table 6.2 Outcome and impact

Partner (VCD) |Description

URCA URCA contributes to Al modelling, especially related to SCD3.1 and 3.3, and
develops models that can be deployed at the Edge level. It directly interacts with
VPHV/VPP/CV and STM-FR on both data acquisition, objective definitions,
prototyping, testing and validation.

STM-FR STMR-FR together with STM-FR is leading the value chain VC3 and working with
partners toward the definition of requirements, specifications and KPlIs. It also
drives the implementation and deployment of Edge devices based on STM32
microchip.

STMR-FR STMR-FR works together with STM-FR

HMU HMU is collaborating with ST on the SW for STM32 and contribution to VCD3.2
and VCD3.4. HMU is supporting STM to define requirements and specification

UNIBO UNIBO is collaborating with ST for the custom board design that will be used with
STM32. UNIBO is supporting STM to define requirements and specification

VPHV/VPP/CV |Vranken-Pommery group (VPHV/VPP/CV) collaborates with URCA and STM-FR by

defining industrial objectives for the demonstrators and providing personnel
and the environment for dataset acquisition. It also plays a role of validator (final
user).
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INPG

INPG together with URCA is looking to make inference as optimal as possible, to
enable the system to analyse and make predictions in real time. These features
may be possible if quantization techniques (for inference) are considered and if
other prior optimisations can be carried out (for data acquisition).

6.4 Contribution to demonstration

Table 6.3 Demonstrator contribution

Partner (VCD)

Description

URCA

URCA creates the Deep-Edge prototypes for data acquisition and further Al
inference for VCDs 3.1 and 3.3. It also leads data acquisition and Al training for
these demonstrators, as well as developing use cases (Al-based downy mildew
alerts, for example) on VCD3.2 and yeast quality assessment from VCD3.4.

VPHV/CPP/VC

Vranken-Pommery group provides both its expertise on the production of
champagne as well as the access to its vineyards and databases. As a final user,
it also collaborates with the definition of objectives and requirements, and will
provide its expertise during the validation steps.

STM-FR STM-FR leads VCD 3.2 and contributes to the design and deployment of MCU and
gateway solutions in both VCD 3.2 and 3.4. It also hosts the meta-edge/cloud
servers that gather data from these demonstrators.

STMR-FR STMR-FR works together with STM-FR

UNIBO UNIBO works with STM-FR and HMU on the design of the MCUs and sensors.

HMU HMU is helping the development of MCUs for VCD3.2 and the digital
aphrometers that will be deployed on VCD3.4.

INPG INPG is collaborating to enable the deployment of low-energy Al models.

6.5 Other conclusions and lessons learned

During these first months of the project, main lessons learned include the necessity to be
proactive for data acquisition, as the champagne industry follows the cycle of the harvest
that only occurs once a year. For instance, some decisions on objectives and data to be
collected (e.g. VCD 3.3 and VCD 3.4) only intervened too late for the 2023 cycle. Although
this will not affect the next campaigns, we shall have only one validation season at the
end of the project, contrarily to the other VCDs that can be improved after the first
validation effort.
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